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Abstract
This paper mainly discusses the asymmetric face recognition problem where the number of names in a name list and the 
number of faces in the photo might not be equal, but each face should be automatically labeled with a name. The motivation 
for this issue is that there had been many meetings in the past. After each meeting, the participant took group photos. The 
meeting provided only a corresponding name list of participants without one-to-one labels. In the worst case, the group photo 
might mix with the faces that were not participating in the meeting. Another reason for asymmetric face recognition is that 
some meeting personnel did not appear in photos because they assisted in taking pictures. This paper proposes an asym-
metric face recognition mechanism, called AFRM in short. Initially, the proposed AFRM adopts the histogram of oriented 
gradients (HOG) and support vector machine (SVM) to detect and extract all faces from photos. Next, AFRM extracts the 
features from each face using the convolution feature map (Conv_FF) and adopts the features to partition the faces into dif-
ferent classes. Then, the AFRM applies the statistic-based mechanism to map each name in the name list to each face class. 
According to this mapping, each face will be associated with one name. To quickly identify a face during the meeting, the 
AFRM applies the K-nearest neighbors (KNN) to represent the features of each face. During the new meeting, the proposed 
AFRM can extract the feature of one face and then adopts KNN to derive the features. Experimental results show that the 
proposed mechanism achieves more than 97% accuracy without one-to-one name and face labeling.

Keywords  Face recognition · Unsupervised learning · Asymmetric training resources · Meeting applications

1  Introduction

Facial recognition strategy plays a significant role in iden-
tifying human faces for authentication through advanced 
technology (localization and extraction of face regions) in 
several applications such as access control systems, check-in 
and check-out at workplaces, image retrieval, crowd surveil-
lance, and video conference. It applies biometrics patterns to 
extract facial features and collects a set of unique biometric 
components from photographs, videos, or any audiovisual 
element of human faces. Facial recognition is also one of 
the most extensively demanded identification processes for 
online identity verification in large-scale utilization of video 
surveillance, security, commercial areas, and logical access 
control systems in everyday life. Most of the advantages of 
facial recognition are in the policing system (law enforce-
ment agencies) to easily distinguish ID fraud without a per-
son’s information, preventing social security crime. Face 
recognition and mapping have been integrated with various 
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applications such as banking, intelligent devices, attendance 
systems, and human tracking.

Nowadays, many meetings are organized in companies 
and organizations with a lot of participants. To better main-
tain the social relation and exploit cooperation opportunities, 
a business person needs to remember each face and name 
of the participant in a new meeting. However, it is challeng-
ing and time-consuming to manually label the participants’ 
names with their faces (hardcopy). In recent years, the deep 
learning model has been widely used to recognize the face 
and obtain the participant’s name. However, almost all deep 
learning models require one-to-one labeling during their 
training processes. Though a name list and a set of pho-
tos can be easily collected from each meeting, the mapping 
from each name in the name list to each face in one photo is 
still difficult. This occurs because the dataset collected from 
each meeting is asymmetric. The asymmetric dataset can 
be occurred due to two reasons. First, the participant might 
be the one who takes photos in the meeting. This results 
in the problem that the participant’s face is disappeared in 
the photo. Therefore, the name of this participant cannot be 
mapped to the face of the collected photo. The other reason 
is that some other persons who are not participants in the 
meeting but are friends of the participants might appear in 
the photo. For these persons, there is no name in the name 
list. The above-mentioned two reasons lead to the dataset to 
be asymmetric, which increases the difficulties to develop 
the AI-based algorithm for automatically mapping each 
name in the name list to the face of the participant.

This article proposes an artificial intelligence-based real-
time face recognition approach to alleviate this asymmetrical 
problem in the automation process. Instead of one-to-one 
labeling, the proposed approach takes an attendance or par-
ticipant list and a set of photos captured in different sessions 
of each meeting as input. The proposed face recognition 
method processes this input pair, including name lists and 
a set of photos collected from meetings, and automatically 
marks each person in the group images during training. The 
proposed approach can recognize the identity of each person 
from test images and identify the name of the person who 
has appeared in the previous meeting and attends the next 
meeting.

In the past, researchers usually applied traditional statis-
tical methods for face recognition by manually collecting 
data. These conventional methods could be time-consuming 
because they required manual labor at some point during 
the data collection and analysis. In recent years, artificial 
intelligence has incrementally become a useful and powerful 
tool in terms of collecting and analyzing a large amount of 
open data available online. Being aware of this feature, some 
researchers started to adopt these AI techniques to determine 
the names. For example, the machine learning technique was 
used in Ref. [1], and deep learning technique was also used 

in Ref. [2]. These research studies had more accurately pre-
dicted the target person’s name. However, these methods 
were complex and require various parameters adjustment 
to achieve the result. In different of these approaches, the 
proposed AFRM aims to build on the methods used by the 
predecessors and solve the existing problems of the previous 
methods by training the artificial intelligence models using 
deep learning techniques.

The studies fell in the real-time artificial intelligence-
based face recognition approaches and could be further 
divided into feature representation, one-to-one labeling, and 
recognition stages. Although researchers reduced the time 
and error of the feature representation by transforming the 
manual into an automatic process using local binary patterns 
histograms (LBPH), generalized discriminant local median 
preserving projections (GDLMPP), and DLMPP algorithms, 
they overlooked the original value, which was not strong 
enough in those methods to extract all features. The second 
stage is one-to-one labeling, which required mapping each 
face to a corresponding name during the training process. 
Almost all automated face recognition approaches adopted 
a manual strategy for mapping. However, it is also time-con-
suming and error-prone. In the last stage, i.e., real-time face 
recognition, traditional approaches such as convolution neu-
ral network (CNN), CNN-recurrent neural network (CNN-
RNN), and deep convolutional neural network (DCNN) were 
widely used. However, most of them needed labeled data, 
and their capabilities were unsuitable to cope with the prob-
lem of asymmetric face recognition.

A big challenge that exists in the asymmetric case is that 
collecting photos and information (data) separately from the 
internet or public dataset is difficult to analyze the data in 
this case. Unlike most previous studies, this paper considers 
the asymmetric dataset, where one-to-one mapping of par-
ticipants’ faces and names is unavailable. To overcome this 
challenge, the proposed AFRM method adopts HOG with 
SVM to find the frontal faces in photos. It can completely 
extract the entire features and handle shape deformation. 
First, all frontal face features are extracted from all photos of 
all past meetings using HOG. Second, all faces of all meet-
ings are predicted by labeling HOG features and the training 
SVM model. Then, all trained face features are fed into the 
Conv_FF layer. In this stage, the Conv_FF-based feature 
representation map is used to represent 128 × 1 feature vec-
tors, and the name list of the meetings is processed by the 
name probability inference method to calculate the probabil-
ity of each name in the meeting. Finally, the approach adopts 
the KNN-classifier, which needed significantly less computa-
tional cost without decreasing the recognition accuracy. In a 
variant of this, the proposed method can automatically label 
faces to corresponding names.

The proposed AFRM successfully tags participants’ 
faces by their names. Assume that the target person is A. In 
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addition, assume that person A has participated in the new 
meeting, and A had also participated in different previous 
meetings. To remind the name of participant A, the AFRM 
is used to find out the forgettable name of that target person, 
which are the main contributions of the proposed AFRM 
approach. The main contributions of this work are listed as 
follows:

1.	  Construction of feature vectors. This paper extracts the 
face feature vectors using Conv_FF, which is qualitative 
numerical data, that can help to make a decision. It can 
be used as the presentation of face features for quickly 
analyzing each face and enhancing the execution process 
of the model.

2.	  Classification and grouping at the same time. After 
extracting the feature vectors, cosine similarities are 
computed among all face feature vectors to create dif-
ferent categories for different faces. Those face feature 
vectors that are larger than the threshold value will be 
collected into the same category. Otherwise, the pro-
posed AFRM will create a new category for the new 
face to improve the classification ability. This implies 
the classification and grouping of the input face vector 
will be executed at the same time.

3.	  Probability Distribution. First, the probability of each 
name can be calculated by dividing the total number 
of participant names in a meeting list. Second, the pro-
posed AFRM computed the probability distribution 
value of each name by adding the total number of the 
probability of the same name in all meeting lists.

4.	  Mapping and KNN clustering. According to the prob-
ability value, the name will be tagged with the face cat-
egory. The probability of the name tags will be accu-
mulated according to the meeting list. All face feature 
vectors with names as supervised data fed into KNN 
cluster as an input which can improve the efficiency 
since the KNN has the face vectors as inputs and the 
corresponding name as the output. The KNN learns from 
the inputs and labels and creates a KNN model for the 
classification of an input face vector in the future. When 
we would like to know the name of a person who attends 
any meeting in future, then the proposed model will eas-
ily find the name of the person.

The remaining parts of this paper are organized as fol-
lows. Section 2 discuss the background of existing studies 
related to the AFRM approach. Section 3 focuses on the 
assumptions and goals of the prospected issue. Section 4 
presents the proposed AFRM algorithm in detail. The per-
formance improvements of the proposed AFRM against 
the existing studies are proposed in Section 5. Finally, 
Section 6 concludes this work and gives the future work 
of this study.

2 � Related work

The proposed AFRM mainly relates to three major research 
directions: feature extraction, asymmetric labeling and 
face recognition to determine an unknown person’s name. 
Therefore, the related studies will be classified into three 
classes, including feature representation, asymmetric labe-
ling and real-time face recognition.

2.1 � Feature representation

The feature representation is a fundamental operation 
since most face classifications need the feature represen-
tation as their inputs. In Ref. [3], the author combined the 
LBPH [4] with Eigenface [5] algorithms to extract the face 
by taking photos and self-registered names. A database 
was used to store the unique features of faces and their 
corresponding names. During the inference phase, the face 
features were extracted from the input image and com-
pared with the database features. The self-registered name 
of the most similar face features was the outcome for the 
input face. Although the method can reidentify the faces, 
the computational cost is higher. The method can only 
recognize the faces closer to the camera and can only rec-
ognize the frontal faces. To solve the problem of optimal 
projection matrix for face recognition, Wan et al. [6] pro-
posed a generalized discriminant local median preserving 
projection (GDLMPP) algorithm based on DLMPP, which 
could transform the original sample to a low-dimensional 
eigenspace within non-singular class scatter matrix. This 
approach could improve the recognition rate. However, 
tuning the appropriate parameters for this method was very 
difficult. Rose et al. [7] mainly focused on facial recogni-
tion, whether eyes are open or closed, wearing glasses or 
not, either frontal or non-frontal faces under constrained 
and unconstrained conditions, applying SVMs using LBP 
and HOG features and convolutional neural networks. The 
HOG feature extractor model did not get satisfactory accu-
racy results. However, using HOG with the SVM algo-
rithm achieved high accuracy results. In variants of these 
approaches, inspired by the research work AFRM approach 
adopts a combination of HOG and SVM methods to extract 
each face from photos, which is suited for the face detec-
tion module. These identified faces are passed through our 
Conv ͢ ͟ˍFm layer to extract rich features.

2.2 � Asymmetric labeling

Asymmetric labeling indicates that the data inside a train-
ing dataset is not labeled with their classes and the numbers 
of data and labels are not equal. In asymmetric conditions, 
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features are learned with unlabeled input data in the sense of 
lack of equality or equivalence between inputs and expected 
value. Most of the existing multi-label methods disregard 
asymmetry label correlation. To overcome this problem, Bao 
et al. [8] presented asymmetry label correlation (ACML) as 
a label adjacency matrix by measuring cosine similarity with 
label and correlation matrix for multi-label learning. Zhang 
et al. [9] addressed an asymmetric active querying strategy 
by appointing different probabilities that achieved higher 
F-scores with imbalanced streaming data under query budget 
data. However, this method overlooked imbalance issues in 
the optimization process and tended to query more majority 
data due to the recommended parameter settings. To solve 
those imbalance problems, AFRM proposes a statistic-based 
asymmetric labeling approach.

2.3 � Real‑time face recognition

Face reidentification aims to map a specific feature set to 
an identity (name) from images according to targets. In 
recent trends, increasing demand for real-time reidentifi-
cation without high computational time to annotated faces 
has become popular [10]. In the literature, existing face 
reidentification approaches could be classified as unsuper-
vised domain adaptation methods [11–14], which required 
annotated trained datasets and unannotated target datasets 
to calculate model accessibility. The other type was fully 
unsupervised methods, which required only an unannotated 
dataset [15–18]. The annotation process in training data-
sets needed immense manual labor. However, the unanno-
tated dataset did not require much time but suffered from 
an acceptable accuracy. In variants of these approaches, the 
proposed AFRM method adopts an automated approach to 
map the trained datasets.

The fully unsupervised face reidentification approaches 
rely on pseudolabels to train the network. The HCT [19] 
adopted hierarchical clustering to produce pseudo labels 
and train the CNN for learning the features. The study [20] 
generated multiple labels to samples and proposed a new 
loss function for multi-label training. Cheng et al. [21] pro-
posed a two-layer convolutional neural network (CNN) to 
learn the high-level features in variations of illumination and 
expression of facial images. Although CNN can improve the 
superior performance of the Sparse Representation Classifier 
(SRC) in the image classification area, the huge number of 
trainable parameters makes it difficult to train when a small 
dataset was used. In Ref. [22], Zangeneh devised a coupled 
mappings method composed of two parts of DCNN on a 
low-resolution dataset. In this approach, the author matched 
high-resolution (HR) and low-resolution (LR) images to find 
a nonlinear transformation in the common space between LR 
and HR-resolution images. To overcome the face recogni-
tion (face-PAD) problem, Nguyen et al. [23] demonstrated 

the CNN-RNN network and multi-level local binary pattern 
(MLBP) to extract handcrafted image features and learn 
the discrimination features, respectively. However, in the 
early stages, feature representations are not good enough 
to produce high-quality pseudo labels and contaminate the 
network training process. Therefore, it is necessary to design 
a cluster refinement method to improve the clustering qual-
ity before feeding the pseudo labels to train the network. 
In Ref. [11], Fu measured specific portions of the facial, 
namely eyes, nose, and mouth, for the solution of FR by 
deep-learning-based IQA CNN model. To improve face rec-
ognition quality significantly, Fu et al. [12] appraised the 
prediction performance of handcrafted features by image 
quality assessment (IQA) and Face-Image Quality Assess-
ment (FIQA). Mainly, IQA methods made decisions while 
FIQA methods focused on the center part of the face. How-
ever, the asymmetric face recognition investigated in this 
paper is an unsupervised application and the mechanisms 
proposed in Refs. [11, 12] cannot be applied.

3 � Assumptions and problem formulation

This section presents the system model and problem for-
mulation of the investigated issue. Most well-known face 
identification approaches required symmetric labeling dur-
ing training. It is almost impossible to label all the faces 
at different meetings. This paper aims to present an effi-
cient algorithm called AFRM, which automatically labels 
the name of each participant in meetings conducted over 
the last year. Let M =

{
mi
||1 ≤ i ≤ |M|} represent the set 

of meetings and L =
{
Li
||1 ≤ i ≤ |L|} represent the set of 

name lists where a name list Li is existed for the i-th meet-
ing mi . Therefore, two types of data, i.e., name list and sets 
of images, are collected in each meeting. Let mi = (Pi,Li) , 
where Pi = {pi,j|1 ≤ i ≤ mi , 1 ≤ j ≤ |Pi|} represents the set 
of images, where pi,j represents the j-th photo captured in i-
th meeting. Let Li = {namei,l|1 ≤ l ≤ |Li|} denote the names 
in the name list Li where namei,l represents the l-th partici-
pant name in i-th meeting.

Furthermore, let pi,j = {f k
i,j
|1 ≤ k ≤ |pi,j|} represent the set 

of faces consisting of the k-th face of the j-th photo in the 
i-th meeting. Any face f k

i,j
 belongs to F ( f k

i,j
∈ F ) and name 

namei,l belongs to L (namei,l ∈ L) . Let Fi denote the set of all 
frontal faces extracted from the meeting mi . Let F be the set 
of all faces that appeared in the pictures which were col-
lected in M meetings. That is,

(1)Fi =
⋃

pi,j∈Pi

⋃
f k
i,j
∈pi,j

f k
i,j
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Let L denote all names which appeared in the name lists 
of the previous M meetings. That is,

The following gives an example to help understand the 
investigated problem. Assume that there are a set of pic-
tures and name lists collected from the previous 100 meet-
ings. That is, M =

{
m1,m2,…m100

}
, where m1,m2,… ,m100 

are the labels of 100 meetings. As shown in Fig. 1, there 
are 10 pictures collected from the meetingm5 . Therefore, 
the set of pictures in meeting m5 can be presented as 
P5 = {p5,1, p5,2,… p5,10} . In particular, there are nine faces 
in the first picture p5,1 ofP5 . These faces can be further 

represented as p5,1 = {f 1
5,1
, f 2
5,1
,… f 9

5,1
} . In addition to the 

F =

|M|⋃
i=1

Fi

(2)L =
⋃|M|

i=1

⋃|Li|
l=1

namei,l

pictures collected in the meetings, there are a set of name 
lists collected for the 100 meetings. As shown in Fig. 1, 
the name list L5 is collected in the meeting m5 . The meet-
ing list L5 has 7 names. They are actual participants in the 
meetingm5 . That is, L5 = {LiSi,Chien − IWeng, LuoZhiyun,
ZhangSan, ShenghuiZhao, LeeMinWoo,Chao − TChang}   . 

Among these nine faces of p5,1 = {f 1
5,1
, f 2
5,1
, f 3
5,1
, f 4
5,1
, f 5
5,1
, 

f 6
5,1
, f 7
5,1
, f 8
5,1
, f 9
5,1
} , three faces {f 3

5,1
, f 7

5,1
, f 9
5,1
} are participants' 

friends. In addition, Chien-I Weng is the one who takes 
pictures for the group photo. Hence, he is absent from the 
photo p5,1 , but he is an actual participant because his name 
is on the name listL5 . As the number of extracted faces of 
p5,1 and the number of names present in the name list L5 
are not the same, and they are not appropriately mapped. 
This condition is treated as an asymmetric case. Table 1 
describes an example of actual and predicted names of all 
faces f k

i,j
 in meeting m5 for easily understanding the prob-

Fig. 1   Conceptual diagram of asymmetric case

Table 1   An example of the 
actual and predicted names of 
the faces

Face number (f k
i,j

 ) in 
photo p5,1

Names (namei,l) in 
Name List L5

Actual name (namei,l) Predicted name (namei,l�)

f 1
5,1

Li Si Zhang San Zhang San
f 2
5,1

Chien-I Weng Li Si Li Si
f 3
5,1

Luo Zhiyun Friend of Li Si Chao-T Chang
f 4
5,1

Zhang San Luo Zhiyun Luo Zhiyun

f 5
5,1

Shenghul Zhao Lee Min Woo Lee Min Woo

f 6
5,1

Lee Min Woo Shenghui Zhao Chao-T Chang

f 7
5,1

Chao-T Chang Friend of Zhang San NULL
f 8
5,1

– Chao-T Chang Chao-T Chang

f 9
5,1

– Friend of Li Si NULL
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lem formulation of asymmetric cases. The actual and pre-
dicted names are denoted by namei,l and name′

i,l
 , respec-

tively. Four cases have occurred. First, the predicted name 
are  the  same as  the  actual  names of  faces 
(f 1

5,1
, f 2
5,1
, f 4
5,1
, f 5
5,1
, and f 8

5,1
) . Second, the predicted name is 

not the same as the actual name of the face f 6
5,1

 . Third, the 
predicted name is wrong for the face f 3

5,1
 because he is a 

friend of Li Si, whose name is not available on the meeting 
listL5 . Finally, the predicted names become NULL values 
for the faces f 7

5,1
, and f 9

5,1
 because they are the friend of 

Zhang San and Li Si, who are not participants in the meet-
ingm5 . The confusion matrix is used to analyze the actual 
and predicted name classes. To create a confusion matrix, 
the rows of binary values of actual name classes (�k,q

i,j
) are 

entered along with the columns of binary values of pre-
dicted name classes (�̂k,q

i,j
) into a table, where i, j, k, and q 

be meeting, photo, face, and class number, respectively. 
The column values are the predicted values of the pro-
posed AFRM model. Let COUNT (i, j) be a function which 
returns the number in row i and column j in Table 2. 
Table 2 describes a confusion matrix which shows the 
value of predicted name classes (�̂k,q

i,j
) from the proposed 

model vs the value of actual name classes ( �k,q
i,j
) from the 

dataset. When one class name ( �k,q
i,j

 ) is considered for pre-
dictive analysis, that class name becomes the positive 
class, and the rest of the classes will be negative classes. 
Four name identification functions occur in the confusion 
matrix table. It takes one face as an input and predicts the 
class name of that face as an output.

Let �k,q
i,j

 denote the positive class name of the face f k
i,j

 . That 

is, the hypothesis is “Is the class name �k,q
i,j

 ?” Let �̂k,q
i,j

 denote 

the predicted class name for the face f k
i,j

 . Let δk,q
i,j

 be a 
Boolean variable which represents whether or not the predic-
tion of �̂k,q

i,j
 is correct. That is,

Let true positive, denoted by TPk,q

i,j
 , be a Boolean variable 

which represents the true positive of the prediction �̂k,q
i,j

 . That 
is,

where i, j, k, and q be meeting, photo, face, and class num-
ber, respectively. The predicted answer for the hypothesis is 
YES, and the prediction is correct. Similarly, let true nega-
tive, denoted by TNk,q

i,j
 , be a Boolean variable which repre-

sents the true negative of the prediction �̂k,q
i,j

 . That is,

where i, j, k, and q be meeting, photo, face, and class num-
ber, respectively. It indicates that the predicted answer is 
NO, and the prediction is correct.

Let false positive, denoted by FPk,q

i,j
 , be a Boolean variable 

which represents the false positive of the prediction �̂k,q
i,j

 . 
That is,

(3)�
k,q

i,j
=

{
1, if �̂

k,q

i,j
is correct

0, otherwise

(4)TP
k,q

i,j
=

{
1, δ

k,q

i,j
and (�̂

k,q

i,j
= �

k,q

i,j
)

0, otherwise

(5)TN
k,q

i,j
=

{
1, �

k,q

i,j
and (�̂

k,q

i,j
≠ �

k,q

i,j
)

0, otherwise

Table 2   Confusion matrix for multiclass of names

T
ab

le
 

N
am

e 
Q

Participant names

Predicted class ( ̂ ,
,
)

Zhang 

San

Li 

Si

Friend of 

Li Si

Luo 

Zhiyun

Lee Min 

Woo

Shenghui 

Zhao

Friend of 

Zhang San

Chao-T 

Chang

Friend of 

Li Si

1 2 3 4 5 6 7 8 9

A
ct

u
al

 c
la

ss
 (

,,
)

Zhang San 1 15 0 0 0 0 1 0 2 0

Li Si 2 1 21 0 3 0 0 0 0 0

Friend of Li 

Si

3 0 0 12 

(NULL)

0 1 0 0 0 0

Luo Zhiyun 4 0 0 0 16 1 1 0 1 0

Lee Min Woo 5 0 0 0 0 11 0 0 1 0

Shenghui 

Zhao

6
3

0 0 0 0 17 0 0 0

Friend of 

Zhang San

7 2 1 0 0 2 0 10 (NULL) 0 0

Chao-T 

Chang

8 1 0 0 1 2 1 0 12 0

Friend of Li 

Si

9 1 2 0 0 3 0 0 0 14 

(NULL)
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where i, j, k, and q be meeting, photo, face, and class num-
ber, respectively. It indicates that the predicted answer is 
YES, but it is incorrect.

Similarly, let false negative, denoted by FNk,q

i,j
 , be a 

Boolean variable which represents the false negative of the 
prediction �̂k,q

i,j
 . That is,

where i, j, k, and q be meeting, photo, face, and class num-
ber, respectively.

Let N be all classes in M meetings. The TP value for N 
classes is expressed by Eq. (8):

Similarly, the N, FP , and FN  values are calculated for 
each of the N classes in M meetings. Those equations are 
expressed by

The Precision is defined as positive classes, which refers 
to the quality of being exact. Let ℘ denote the Precision of 
the prediction of all classes for all input faces F ( f k

i,j
∈ F ). 

Precision (℘ ) is mentioned as the number of true positives 
(TP) over the number of true positives plus the number of 
false positives (FP) . The values of Precision (℘) can be fur-
ther derived by applying Exp. (12):

The well-known Recall also measures the proportion of 
actual positives that are predicted correctly. Let R denote 

(6)FP
k,q

i,j
=

{
1, (1 − �

k,q

i,j
) and (�̂

k,q

i,j
= �

k,q

i,j
)

0, otherwise

(7)FN
k,q

i,j
=

{
1, (1 − �

k,q

i,j
) and (�̂

k,q

i,j
≠ �

k,q

i,j
)

0, otherwise

(8)

TPk
i,j
=

∑
1≤q≤N

�
k,q

i,j

TPi,j =
∑

1≤k≤pi,j

TPk
i,j

TPi =
∑

1≤j≤Pi

TPi,j

TP =
∑

1≤i≤M

TPi

(9)TN =
∑

1≤i≤M

TNi =
∑

1≤i≤M

∑
1≤j≤Pi

∑
1≤k≤pi,j

∑
1≤q≤N

�
k,q

i,j

(10)FP =
∑

1≤i≤M

FPi =
∑

1≤i≤M

∑
1≤j≤Pi

∑
1≤k≤pi,j

∑
1≤q≤N

�
k,q

i,j

(11)FN =
∑

1≤i≤M

FNi =
∑

1≤i≤M

∑
1≤j≤Pi

∑
1≤k≤pi,j

∑
1≤q≤N

�
k,q

i,j

(12)Precision (℘) =
TP

TP + FP

the Recall of the prediction of all classes for all input faces 
f k
i,j
∈ F . Recall (R) is defined as the number of true positives 

(TP) over the number of true positives plus the number of 
false negatives (FN) . The values of Recall ( R ) can be further 
derived by applying Exp. (13):

The F1-score is the harmonic mean of precision and 
recall. Expression (14) gives the calculation of F1:

Objective:
This paper aims to determine the name for each face f k

i,j
 . 

The objective function of this paper can be expressed by 
Exp. (15):

Objective:

4 � The proposed AFRM model

The problem of asymmetric face recognition refers to a situ-
ation where the number of labels does not match the number 
of faces to be recognized. This issue often arises in scenarios 
where a company provides a list of attendees for a meet-
ing and takes many photos during the meeting. However, 
it is possible that some attendees may not have their faces 
captured in the photos because someone else is responsible 
for taking pictures. As a result, the number of names on the 
attendee list may exceed the number of faces in the photos. 
Another possibility is that individuals who did not attend the 
meeting may have their faces appear in the photos, making 
it challenging to match the names on the attendee list to the 
faces in the photos. As a result, the number of names on the 
attendee list may be greater or fewer than the number of 
faces in the photos.

The asymmetric face recognition problem faces many 
challenges. Performing face recognition with a given list 
of meeting attendees and a collection of facial photos is a 
challenging task. Even when the number of names on the 
list matches the number of faces in the photos, it remains a 
difficult problem because there is a lack of one-to-one cor-
respondence between individual faces and names, making 
supervised learning impractical. Therefore, traditional super-
vised learning classification techniques cannot be employed 

(13)Recall(R) =
TP

TP + FN

(14)F1 =
(2 ∗ ℘ ∗ R)

℘ +R

(15)
max
�̂
k,q

i,j
∈Li

(F1)
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to address this issue. What adds further complexity is when 
the number of names exceeds or falls short of the number 
of faces in the photos, making it even more challenging to 
identify each individual face in the photos.

This paper proposed a novel approach called asymmetric 
face recognition mechanism (AFRM), which is a prediction 
model for finding out the exact name for the face photo of a 
target person. To solve these challenges, the proposed AFRM 
model is primarily divided into four phases: feature extraction 
(FE), cosine similarity (CS) and similar face grouping, prob-
ability distribution, as well as name-to-face mapping and KNN 
for learning as shown in Fig. 2. The FE phase encompasses 
the extraction of features from all faces in every meeting, effi-
ciently diminishing computational complexity by converting 
the data from a high-dimensional space to a lower-dimensional 
one. Then, the cosine similarity (CS) and similar face group-
ing phase extracts the face vectors from faces and applies the 
cosine similarity to compare feature vectors, aiming to recog-
nize the similar faces and facilitate effective facial grouping. 
Since the facial data lacks labels, the proposed AFRM adopts 
the similar face grouping phase, which allows similar faces to 
be categorized into the same class, providing a foundation for 
subsequent recognition. This approach is suitable for unsuper-
vised or privacy-sensitive scenarios, while direct classification 
is ideal for fine-grained recognition and identity verification 
tasks where the module needs to be labeled training data and 
needs specific identity assignment. Next, the probability dis-
tribution is calculated for each name for each given face. It can 
effectively link faces with names, addressing the issue of vary-
ing participant counts in different meetings, and calculating 
probabilities for each name further enhancing the accuracy of 
matching names with faces. Finally, the KNN is applied to clas-
sify the participant’s face with the corresponding name. With 
the addition of new facial photos, the system can continuously 
learn and reinforce itself, thereby enhancing its recognition 
capabilities. The details of the four phases are given below.

4.1 � Feature extraction (FE) phase

One of the crucial roles played in this phase is extracting 
face features. When the input data are large and complex, it 
may require large memory and overfit the training sample. 
To tackle this problem, this phase aims to extract the features 
from each face which involves transforming data from a high-
dimensional space to a low-dimensional space of the original 
data. The extracted features from each face are called a feature 
vector. It can build a set of variables with sufficient characteris-
tics to improve the accuracy of the face recognition result. The 
following presents the details of the feature extraction applied 
in the proposed AFRM.

4.1.1 � SVM classifier with HOG features

Consider each meeting mi ∈ M  , i = 1, 2,…M. Let 
Pi = {pi,1, pi,2,… pi,|Pi|} represent the set of images in meet-

ings mi . Let Fi = {fi,1, fi,2,… fi,|Fi|} be the face set of Pi , where 
fi,1 is the set of faces in the picture pi,1 . In this phase, the set of 
all photos Pi have been taken as input, and the features of all 
frontal faces Fi are extracted by applying the feature descriptor 
extraction algorithm, called histogram of oriented gradients 
(HOG). The descriptor calculates the gradients of images 
which are the combination of magnitude (�) and angle (�) . To 
calculate the gradient of images, the horizontal gx and vertical 
gy components are determined using Eqs. (16) and (17), 
respectively, for each pixel value of each image. Those are

where r and c refer to rows and columns of each pixel of 
the image (pi,1) , respectively. After calculating gx and gy the 

(16)gx(r, c) = pi,1(r, c + 1) − pi,1(r, c − 1)

(17)gy(r, c) = pi,1(r − 1, c) − pi,1(r + 1, c)

Fig. 2   Face recognition system architecture design
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descriptor calculates gradient using magnitude (�) and angle 
(�) by Eqs. (18) and (19), respectively:

The features of each face will be extracted as a vector. 
Then, these vectors are used in the SVM model to determine 
a matching score for the input face vector with each of the 
labels. The SVM returns the label with the maximum score, 
representing the closest match's confidence within the trained 
face data. An SVM model can be considered a point space 
wherein multiple classes are isolated using hyperplanes. The 
SVM model is trained using a number of feature vectors for 
multiple faces and stored image features. All extracted face 
images F of all meetings M may be presented from different 
viewing angles. For real-time participant identification, the 
proposed AFRM approach only considers frontal faces in the 
photo pi,j = {f 1

i,j
, f 2
i,j
,… f

|pi,j|
i,j

} , where f k
i,j

 represents the 

extracted faces. The number of faces f k
i,j

 are extracted from 

each photo pi,j in a meeting mi , where i, j , and k be the meet-
ing number, photo number, and face number, respectively.

Sometimes participants may not be presented in photos in 
different situations (photos) in meetings. That is, the organ-
izers, volunteers, or participants' friends may be presented in 
some photos. As a result, the number of participants' names 
in the name list and the number of faces in the photos are 
not equal. Recall that Fi denotes the set of all frontal faces 
extracted from the meeting mi and let Li denote the cor-
responding name list of the meeting mi . The asymmetric 
Face Recognition problem refers to the situation where the 
number of labels does not match the number of faces to 
be recognized. Let Φ represent a function that captures the 
relationship between name lists Li and extracted faces Fi in 
different scenarios. That is,

In the first two situations, the frontal faces and names 
cannot be mapped one-to-one in the meeting, indicating the 
presence of an asymmetric scenario. Traditional face rec-
ognition problems often assume that each face is labeled 
with a corresponding name. Therefore, applying supervised 

(18)� =
√

g2
x
+ g2

y

(19)� = tan−1
(
gx

gy

)

Φ =

⎧⎪⎨⎪⎩

�Li� > �Fi�, if the number of name lists exceeds the number of extracted faces

�Li��< �Fi
��, if the number of extracted faces exceeds the number of name lists

�Li��= �Fi
��, otherwise.

⎫⎪⎬⎪⎭

learning classification techniques, models can be trained to 
extract and learn features of each face during the training 
process. Once the model is trained, it can use the input face 
features to determine which name the face belongs to.

However, in the context of asymmetric face recogni-
tion, even when the number of names matches the number 
of faces in attendance at a meeting, traditional supervised 
learning techniques used in typical face recognition prob-
lems are not applicable. The primary challenge in asymmet-
ric face recognition is the lack of one-to-one training data 
mapping faces to names. This mismatch between the number 
of categories and labels is the first obstacle. An even more 
formidable challenge arises when the number of names does 
not correspond to the number of faces, creating a situation 
where there may be more or fewer categories compared to 
labels. Therefore, asymmetric face recognition problems are 
more challenging than traditional face recognition problems.

4.1.2 � Extract feature vector by Conv_FF

The illumination and background conditions on different images 
affect the feature extraction. Hence, the same face in different 
environments will be more challenging face-matching tasks. The 
convolutional layers in the CNN model extract high-dimensional 
(128-dimensional) invariant features for each detected face. The 
set of photos will be the input. The training model aims to 
extract the feature vector of each face. In the following, a three-
layer training model, called Conv_FF, is defined as Conv_
FF = (I-layer, H-layer, O-layer, X, Y). Let Conv_FF = (I-layer, 
H-layer, O-layer, X, Y) denote the face recognition feature map 
extracted by convolutional layers. I-layer, H-layer, and O-layer 
are the input layer, hidden layer, and output layer, respectively. 
The X is the training dataset, and Y is the set of feature vectors 
of faces. To learn face characteristics, all faces 
X = (f 1

i,j
, f 2
i,j
… , f

|Fi|
i,j

) should be taken as the inputs of Conv_FF 

and the set of vectors Vi = (v1
i,j
, v2

i,j
… , v

|Fi|
i,j

) where vk
i,j

 represents 

the face vector of the face f k
i,j

 in the j-th photo of i-th meeting, 

|Fi| is the number of feature vectors of all faces in the meeting 

mi and Vi is the set of the output labels of X. Herein, it is noticed 

that f k
i,j

 and f k̂
i,j

 might belong to the same face. This indicates that 
the two face vectors vk

i,j
 and vk̂

i,j
 should be similar. The goal of the 

Conv_FF is to extract the feature vector vk
i,j

 with 128 × 1 columns 
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for each face in the meeting mi , where 128 represents each fea-
ture vector length. Therefore, if feature vectors vk

i,j
 and vk̂

i,j
 are 

similar, the corresponding faces f k
i,j

 and f k̂
i,j

 should belong to the 
same category. They will be considered as the same person. 
Otherwise, they belong to different face categories.

To achieve this identification, the feature vector vk
i,j

 of 
each face in the meeting mi will be taken from an output 
label of the Conv_FF to distinguish the unique characteristic 
of each face. Based on this design, the size of each face 
image f k

i,j
 should be X = (256 × 256 × 8) taken as an input of 

the I-layer while the length of the feature vector vk
i,j

 of the 
output layer O-layer is Y = (128 × 1). The hidden layers 
build with more combinations of convolution and max-pool-
ing operations, whose sizes are, H-layer = (256 × 256 × 8) , 
(128 × 128 × 8) , and so on, as shown in Fig. 3. The primary 
purpose of Conv_FF layers is to extract all generic features 
of the images. The main aim of the max-pooling layer is to 
decrease the number of parameters, reduce the image size, 
avoid over-fitting as well as reduce computational cost. The 
resulting size after performing the max-pooling function is 
shown in Exp. (20). That is,

where nH and nw denote height and width of the face image 
f k
i,j

 , respectively, and fs , s and nC be the filter size, stride and 
channel number respectively. The feature vectors of all faces’ 
Fi outputs of meeting mi can be represented as 

Vi = (v1
i,j
, v2

i,j
… , v

|Fi|
i,j

) ∈ V  , where V  is the set of feature vec-

tors of all faces’ F outputs of all meetings M.

4.2 � Cosine similarity (CS) and similar face grouping

The above-mentioned operations can help the constructed 
model Conv_FF learn the features of faces. After that, the 
proposed AFRM method adopts the cosine function to cal-
culate the difference among extracted high-dimension 

(20)
⌊
nH − fs

s
+ 1

⌋
+

⌊
nw − fs

s
+ 1

⌋
∗ nc

features and uses them to determine the face group. Recall 
that Vi = (v1

i,j
, v2

i,j
… , v

|Fi|
i,j

) is with length 128 × 1 where |Fi| 
denotes the number of feature vectors of all faces Fi in meet-
ing mi . Let the extracted face vector is vk

i,j
 = ( vk,1

i,j
,… , v

k,128

i,j
 ). 

The cosine similarity is applied as shown in Eq. (21). That 
is,

where (vk
i,j
, vk̂

i,j
) is a pair of two face vectors in Vi . If their 

cosine similarity is equal to or greater than the predefined 
thresholdvalue , the two faces should belong to the same face 
vector category. Otherwise, a new face category will be cre-
ated in Vi . The set of face vector categories is denoted by 
gi = {gi,1, gi,2,… , gi,n} , where n is the number of face vector 
categories in vectors Vi in meeting mi.

4.3 � Probability distribution (PD)

To map the face to the name in a manner of one-to-one, the 
proposed AFRM applies a name inference algorithm, which 
depends on the probability distribution of names. The name-
based probability distribution generates name lists L in meet-
ings M . The probability of each name will be accumulated 
according to the number of participants in a meeting list Li . 
In addition, the same participant can attend more than one 
meeting. In this case, the following equation calculates the 
probability of occurrence for each name. That is,

where prob
(
namei,l

)
 is the probability of each name 

namei,l and i  and l  are the meeting number and 

(21)

Cosine similarity
k≠k̂

(vki,j, v
k̂
i,j) =

vki,j ⋅ v
k̂
i,j

|

|

|

|

|

|

vki,j
|

|

|

|

|

|

|

|

|

|

vk̂i,j
|

|

|

|

=

∑128
q=1v

k,q
i,j × vk̂,qi,j

√

∑128
q=1(v

k,q
i,j )

2
×

√

∑128
q=1(v

k̂,q
i,j )

2

(22)prob(namei,l) = prob(namei,l) + 1∕len(Li)

Fig. 3   Face feature extraction ConvˍFF model
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participant number in a name list, respectively, and 
the namei,l ∈ Li are names in a meeting list Li . Each 
name probability in a name list is represented by 
prob(Li) = prob

(
namei,1

)
, prob

(
namei,2

)
,… , prob(namei,l) . 

The conceptual diagram of the name inference system is 
shown in Fig. 4.

4.4 � Name‑to‑face mapping and KNN for learning

After determining all face vector categories ingi , and cal-
culating the probabilities of all names prob(Li) in the meet-
ingmi , the proposed AFRM can assist face category-to-name 
mapping according to the number of face vectors in the 
categories and their name probabilitiesprob

(
namei,l

)
 . Let 

G =
{
G1,G2,… ,Gs

}
 denote the set of face vector categories 

created using cosine similarity by Eq. (21), where s is the 
total set of face vector categories in all meetingsM . After 
applying Eq. (22), assume that the set of name probabilities 
is: prob(L) = prob

(
L1
)
, prob

(
L2
)
,… , prob

(
L|L|

)
, where 

|L| is the total set of probabilities in L. The name with the 
highest probability is the name tag of the highest number 
of the face vector category. The face vector categories Gs 
are sorted in an ascending order depending on the number 
of face vectors inG . According to the probability of each 
name, the prob(L) list is also sorted in ascending order. The 
proposed AFRM approach has mapped these names and face 
vector categories according to their positions. Due to the 
existence of non-participants' faces, the number of catego-
ries of face vectors may be more than the number of names 
which are in the global name listL . Hence the proposed 
method discards those categories of the face vectors with 
fewer non-participants’ faces. The proposed AFRM further 
adopts the KNN supervised clustering approach to learn the 
sets of face vector categories s with the set of the probability 
of name lists prob(L) to determine the target person's name 
in the future. The input instances of KNN are G1,G2,… ,Gs 
with their labels prob

(
L1
)
, prob

(
L2
)
,… , prob(L|L|) . The 

training of the KNN clustering model is accomplished when 
obtained face vectors with their corresponding name labels. 
In case some new face photos are collected in the future, 
the face recognition model can infer the face feature groups 
and determine the names of these faces. Then the proposed 
AFRM directly inputs these data points into the KNN model 
to complete the training process. The proposed AFRM can 
always learn and reinforce itself through new face photos.

The following example shown in Fig. 5 is given to illus-
trate the execution details of the proposed AFRM. Assume 
that the number of total meetings is M = 2 . The two meet-
ings are denoted by m1 and m2 . Many photos pi,j are captured 
in meetings m1 and m2 . Those are the first photo p1,1 , and 
the second photo p1,2 of first meeting m1 and the first photo 
p2,1 , and the second photo p2,2 of second meeting m2 . The 
extracted frontal faces of the meeting m1 are

The extracted frontal faces of the meeting m2 are

The total frontal faces of the meeting m1 and m2 are

Assume that there are two name lists from m1 and m2

According to the face sets and name lists, the asymmetric 
condition occurred because the number of frontal faces and 

(f 1
1,1
, f 2
1,1
, f 3
1,1
, f 4
1,1
) ∈ p1,1,

and

(
f 1
1,2
, f 2
1,2
, f 3
1,2
, f 4
1,2
, f 5
1,2
, f 6
1,2

)
∈ p1,2

(
f 1
2,1
, f 2
2,1
, f 3
2,1
, f 4
2,1
, f 5
2,1
, f 6
2,1

)
∈ p2,1, and(f

1

2,2
, f 2
2,2
, f 3
2,2
, f 4
2,2
) ∈ p2,2.

(

f 11,1, f
2
1,1, f

3
1,1, f

4
1,1, f

1
1,2, f

2
1,2, f

3
1,2, f

4
1,2, f

5
1,2, f

6
1,2

)

∈ F1, and
(

f 12,1, f
2
2,1, f

3
2,1, f

4
2,1, f

5
2,1, f

6
2,1, f

1
2,2, f

2
2,2, f

3
2,2, f

4
2,2

)

∈ F2.

(

name1,1, name1,2, name1,3, name1,4, name1,5, name1,6
)

∈ L1, and
(

name2,1, name2,2, name2,3, name2,4, name2,5
)

∈ L2

Fig. 4   Conceptual diagram of name inference



	 C.-Y. Chang et al.114  Page 12 of 19

participant names are 10 and 6, respectively, in the meeting 
m1 and 10 and 5, respectively, in the meeting m2 . The two 
face sets F1 and F2 are collected from four photos p1,1 , p1,2 , 
p2,1 , and p2,2 of two meetings m1 , and m2 , respectively. The 
training data, X = 20 frontal face images, are fed as the inputs 
of the constructed Conv_FF, while the length of column vec-
tors 128 × 1 will be the corresponding output label Y. The 
extracted face vectors in meetings m1 and m2 are

After extracting the face feature vectors, cosine similarity 
is calculated by Eq. (21) to create categories of the same faces 
f k
i,j

 with corresponding face vectors of two meetings to know 
the duplicate person. The same colors indicate the same cate-
gories. The face vector categories are in m1 and m2:

All face vector categories are in all meetings M ∶

(

v11,1, v
2
1,1, v

3
1,1, v

4
1,1, v

1
1,2, v

2
1,2, v

3
1,2, v

4
1,2, v

5
1,2, v

6
1,2

)

∈ V1, and
(

v12,1, v
2
2,1, v

3
2,1, v

4
2,1, v

5
2,1, v

6
2,1, v

1
2,2, v

2
2,2, v

3
2,2, v

4
2,2

)

∈ V2.

(

g1,1, g1,2, g1,3, g1,4, g1,5, g1,6, g1,7, g1,8
)

∈ g1, and
(

g2,1, g2,2, g2,3, g2,4, g2,5, g2,6, g2,7
)

∈ g2.

After that, two name lists are taken from meetings m1 
and m2:

From these two name lists, it knows that three partici-
pants have attended both meetings. They are

Hence, the probability of occurrence of each name is

{G1 =
(

g1,1
)

,G2 = (g1,2),G3 = (g1,3g2,7),G4 = (g1,4),

G5 = (g1,5g2,6),G6 = (g1,6g2,5),G7 = (g1,7),G8 = (g1,8),

G9 = (g2,1),G10 = (g2,2),G11 = (g2,3),G12 = (g2,4)} ∈ G.

(

name1,1, name1,2, name1,3, name1,4, name1,5, name1,6
)

∈ L1, and
{

name2,1, name2,2, name2,3, name2,4, name2,5
}

∈ L2.

name1,1 = name2,2, name1,6
= name2,3, and name1,3 = name2,4.

Fig. 5   A flowchart of Conv_FF-KNN 
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which is calculated by Eq. (22). The face vectors tag with 
their corresponding names according to similar face vec-
tors in categories and the probability value of the names. 
Those are

Those face vector categories feed into the KNN cluster 
with their names for learning. The rest of the face vector 
categories are

Those vector categories cannot map with names because 
they are not participants in any meeting. They cannot enter 
the KNN cluster. The result of the KNN cluster determines 
the name of the face.

Based on the above-mentioned designing concept, the 
proposed AFRM training algorithm has presented step by 
step in Table 3. The main target of the proposed algorithm 
is to extract all faces and find out the names of all partici-
pants of all meetingsM . At the beginning, all photos and all 
name lists are collected from all meetings. In step 1, each 
meeting mi considers in the meeting set (mi ∈ M

,i = 1, 2,…M) . Further, step 2 considers each photo pi,j in 

prob(name1,1orname2,2) =
(1
6
+ 1

5

)

, prob(name1,2)

=
(1
6

)

, prob(name1,3orname2,4)

=
(1
6
+ 1

5

)

, prob(name1,4)

=
(1
6

)

, prob(name1,5)

=
(1
6

)

, prob(name1,6orname2,3)

=
(1
6
+ 1

5

)

, prob(name2,1)

=
(1
5

)

, prob(name2,5) =
(1
5

)

{G3 = (g1,3g2,7), prob(name1,1orname2,2) =
(1
6
+ 1

5

)

},

{G5 = (g1,5g2,6), prob(name1,3orname2,4) =
(1
6
+ 1

5

)

},

{

G6 = (g1,6g2,5
)

, prob(name1,6orname2,3) =
(1
6
+ 1

5

)

},

{G1 =
(

g1,1
)

, prob(name1,2) =
(1
6

)

},

{G4 = (g1,4), prob(name1,5) =
(1
6

)

},

{G7 = (g1,7), prob(name1,4) =
(1
6

)

},

{G11 = (g2,3), prob(name2,1) =
(1
5

)

},

{G12 = (g2,4), prob(name2,5) =
(1
5

)

}.

G2 = (g1,2),G8 = (g1,8),G9 = (g2,1), andG10 = (g2,2)

the i-th meeting (pi,j ∈ mi, pi,j = 1, 2,… |Pi|). All frontal 
faces Fi are extracted by algorithms HOG and SVM. Each 

face f k
i,j

 is extracted from photos pi,j in the i-th meeting. All 
extracted faces of each i-th meeting are stored in Fi

,(Fi =
⋃

pi,j∈Pi

⋃
f k
i,j
∈pi,j

f k
i,j
) . Steps 3 to 5 extract feature vectors 

of all faces of the i-th meeting by Conv_FF and store them 
in Vi , Vi =

⋃
vk
i,j

Conv_FF(f k
i,j
)  where , f k

i,j
= 1, 2,… |Fi|. In 

steps 6 to 17, the face vector category gi,n = ∅ is initialized 
with n =0 in meetingmi . The similar face vectors are grouped 

by groupby
(
gi,n, v

k
i,j

)
 and a face category is newly created in 

the meeting mi for the high-dimensional face vector vk
i,j

 . The 
face category is dynamically incremented. Next, the thresh-
old value is calculated for grouping all face vectors. If the � 
is greater than the predefined threshold value, this indicates 
that two face vectors might be the same. Therefore, they 
should belong to the same category. Otherwise, a new cat-
egory will be newly created for that face in the meetingmi . 
In steps 18 to 30, similarly the face vector categories Gs ∈ G 
are created by groupby

(
Gs, gi,n

)
 in meetingM . The face vec-

tor categories are sorted in G in step 31. After learning all 
face characteristics and face categories, all name lists L in 
all meetings M and each name namei,l in name list Li are 
considered in steps 32 to 34. Steps 35 and 36 calculate the 
probability of each name namei,l in Li in i-th meeting. 
According to the probability value of each name sorted 
prob

(
namei,l

)
 in L as shown in step 37. Step 38 maps face 

vector categories with names by probability distribution 
algorithm and one-to-one name tags have been employed 
into KNN cluster for learning. The AFRM algorithm helps 
obtain the name of each face. Table 4 summarizes the com-
mon notations used in this paper.

5 � Performance evaluation

This section mainly describes the performance improve-
ment of the proposed AFRM algorithm for asymmetric face 
identification. The proposed algorithm collects name lists 
and historically stored face photos, which can determine the 
name of the target person. After extracting all faces by HOG 
and SVM algorithms, the proposed AFRM algorithm assigns 
feature vectors for each face of past meetings based on the 
Conv_FF and KNN clustering algorithms. The training of 
the face vector is mainly based on extracting the faces with 
names. It is guaranteed that the similarity of two face vectors 
indicates the same participant present in the meeting. Then, 
the two face vectors are used to identify the same person in 
the meeting.

Accuracy is compared with the proposed AFRM and 
existing algorithms. The experimental configuration of the 
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proposed method is described in Table 5. The proposed 
model runs in the TensorFlow deep learning framework 
(1.13) to evaluate the performance using python (2.7). The 
experiment is conducted in the ubuntu 16.04 environment 
with CPU i5-8400.

We created an in-house meta dataset to evaluate the 
efficiency of the proposed AFRM algorithm. The in-house 
meta dataset is collected from 98 project meetings in the 
past years from a system-integrated information company 
in Taiwan. We collected numbers of photos ranging from 

Table 3   The algorithm proposes the face vector similarity and name probability
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5 to 10 from all meetings with attendance lists. We have 
adopted photos from each meeting to train the proposed 
model and evaluate the effectiveness of the proposed 
AFRM algorithm.

Since most of the related studies only can handle the sym-
metrical dataset, we prepare five cases of the dataset, aiming 
to compare the related studies with the proposed AFRM 
which can handle not only the symmetrical dataset but also 
the asymmetrical dataset. Recall that Li denotes the name list 
of the meeting mi . Let | Li | denote the number of names in the 
name list Li . We also recall that f k

i,j
 denotes the k-th face in 

the j-th photo of the meeting mi . It is noticed that in the same 
meeting, the numbers of faces in different photos are identi-
cal. Recall that Fi denotes the set of all photos in the meeting 
mi . Let |Fi| denote the number of faces in each photo col-
lected from the meeting mi . The following presents the con-
sidered five cases of datasets:

1.	 Completely symmetrical case (CS) (|Li| =|Fi|).
2.	 Pure asymmetrical case 1 (PA1) (|Li| >|Fi|).
3.	 Pure asymmetrical case 2 (PA2) (|Li|< |Fi|).
4.	 Combination of asymmetrical cases 1 and 2 (CA) (com-

binations of | Li| >|Fi | case and | Li| <|Fi | case).
5.	 Combination of CS and PA case (CSA) (combinations 

of | Li| =|Fi | case and | Li| ≠|Fi | case).

The proposed AFRM algorithm considers only two cases 
among five cases. Those are pure asymmetrical case 1 (PA1) 
and pure asymmetrical case 2 (PA2). The experiment results 
are shown as follows:

Pure asymmetrical case 1 (PA1)
Figure 6 considers the pure asymmetrical training data 

and compares the performance of two datasets in Pure 
Asymmetrical Case 1 (PA1). Figure  6a shows a pure 

Table 4   Summary of common notations

Notations Meanings

M All meetings
mi Each meeting in M
P All photos in all meetings M
Pi The set of photos collected in the i-th meeting
pi,j j-th photo in meeting mi

F All faces in all meetings M
Fi The set of faces in the i-th meeting
f k
i,j

k-th face in j-th photo in the i-th meeting
V Face vector of all faces in all meetings M
Vi The set of face vectors in the i-th meeting
vk
i,j

k-th face vector in j-th photo in the i-th meeting
gi,n Set of face categories in gi for the i-th meeting
Gs Set of face categories in G for all meeting M
L All name list in all meeting M
Li The name list in the i-th meeting
namei,l The l-th name in a list Li in the i-th meeting
prob(namei,l) The l-th name probability in a list Li in the i-th 

meeting

Table 5   The experimental settings

Parameters Values

CPU i5-8400
Ubuntu 16.04
Python 2.7
Tensorflow 1.13
Tool Dlib
Photo extract library OpenCV
Conv_FF 128-dimensional 

vector
Cosine similarity  >  = 0.85
KNN cluster 3

(a) Pure asymmetrical training data (b) Relationship between the number of 

meetings and the correct rate of the face 

recognition model

(c) Overlap

Fig. 6   Pure asymmetrical training data, compared the performance of two datasets, and overlap in pure asymmetrical case 1 (PA1)
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asymmetric training dataset which satisfies the condition | Li
| >|Fi |. To satisfy this condition, the proposed AFRM checks 
the name list and faces in photos and selects some data from 
98 project meetings to organize the dataset, which guaran-
tees the PA1 condition. That is, the number of participants’ 
names in the name list Li is larger than that of faces Fi faces 
in each photo collected in the corresponding meeting mi.

In Fig. 6b, the X-axis indicates the number of photos with 
corresponding name lists in all meetings, ranging from 1 to 
10 while the Y-axis indicates the success rate of the pro-
posed AFRM for different datasets. The two datasets are uti-
lized, aiming to know the efficiency of the proposed AFRM. 
The resultant outcomes of two datasets 55 (indicated by the 
blue line in graphs) and 45 (indicated by the orange line in 
graphs) participants are represented by condition 1 and con-
dition 2, respectively. In comparison, the proposed AFRM 
has achieved 97.1% and 91% accuracies for conditions 1 and 
2, respectively. A common trend shows that if the number 
of participants increases, the face recognition accuracy can 
be improved. The major reason is that when the number of 
extracted faces is less than the number of participants, each 
extracted face can be assigned with different names easily. In 
this case, the proposed AFRM creates a cosine similarity gap 
between actual and fake assignments to achieve the highest 
recognition accuracy.

Figure 6c considers the overlapped condition for the PA1 
case, which can help measure the accuracy by varying the 
number of participants present in more than one meeting. 
The X-axis indicates the overlap percentage, varying from 
0.1 to 1.0 in all meetings. The overlap percentage is cal-
culated by the number of duplicate participants divided by 
the total number of participants. The Y-axis indicates the 
success rate of the proposed AFRM model. The proposed 

AFRM model generates two bars in the graph. The blue bar 
displays the face recognition accuracy for condition 1 (in 
55 participants), which is 90.9%. The orange bar indicates 
the face recognition accuracy for condition 2 (in 45 partici-
pants), which is 90.1%. It shows that the face recognition 
accuracies will increase if the overlap percentages increase. 
The primary reason is that the number of duplicate partici-
pants will increase when the overlap percentage increases. 
As a result, the proposed AFRM can assign faces with names 
easily. In summary, the proposed AFRM algorithm achieves 
better performance in the PA1 case. The reason is that the 
number of participants’ names is greater than that of the 
participants’ photos.

Pure asymmetrical case 2 (PA2)
Figure 7 describes the pure asymmetrical training data 

and compares the performance of two datasets in Pure 
Asymmetrical Case 2 (PA2). Figure 7a shows a pure asym-
metrical dataset which satisfies the condition | Li|< |Fi |. 
According to this state, the participant names in the meet-
ing list Li must be less than the number of faces Fi in pho-
tos in the meeting mi . In Fig. 7b, the X-axis indicates the 
number of meeting photos with corresponding name lists 
in all meetings, ranging from 1 to 10. The Y-axis indicates 
the success rate of two different datasets. In the experiment, 
two datasets, conditions 1 (including 55 participants) and 2 
(including 45 participants) are considered. The resultant out-
comes of two datasets, conditions 1 and 2 are indicated by 
the blue line and the orange line, respectively, in the graph. 
In comparison, the accuracies of both datasets i.e., condi-
tions 1 and 2, are 95.4% and 90.0%, respectively. Although 
the accuracy of this pure asymmetrical condition PA2 is 
slightly lower than pure asymmetrical PA1, this situation 
frequently arises in most real cases. The reason is that the 
number of participants is less than the extracted faces. As a 

(a) Pure asymmetrical training data (b) Relationship between the number of meetings 

and the correct rate of the face recognition model
(c) Overlap

Fig. 7   Pure asymmetrical training data, compared the performance of two datasets, and overlap in pure asymmetrical case 2 (PA2)
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result, fewer classes are created, which leads to the situation 
that different participants' faces may be assigned to the same 
category, reducing the recognition accuracy.

Figure 7c describes the results of the overlap condition 
in the PA2 case, which helps measure duplicate participants 
in all meetings. The X-axis indicates the overlap percent-
age, varying from 0.1 to 1.0 in all meetings. The overlap 
percentage is calculated by the following formula: the num-
ber of duplicate participants/ total number of participants. 
The Y-axis indicates the success rate of the proposed AFRM 
model. The proposed AFRM model generates two bars in the 
graph. The blue bar indicates the face recognition accuracy 
for condition 1 (in 55 participants), which is 82.6%. The 
orange bar indicates the face recognition accuracy for con-
dition 2 (in 45 participants), which is 81.9%. In summary, 
the proposed AFRM achieves better results, but recognition 
accuracies are slightly lower than PA1. The main reason is 
that the number of participants’ names is smaller than that 
of the participants’ photos.

Accuracy comparison in different traditional methods with 
various conditions

Figure 8 mainly compares the performances of the pro-
posed AFRM and the existing algorithms in terms of accu-
racy, prediction and recall. To calculate the accuracy, the 
face recognition system is compared in different condi-
tions (number of participants) with different parameters 

(threshold value). The performances of CNN, SVM, MP, 
Fused Algorithm, and proposed AFRM are obtained by set-
ting the number of photos with their corresponding name 
lists in all meetings. The number of photos varies from 25 
to 100, while the threshold value varies, ranging from 0.75 
to 0.95. The experimental results show that the accuracies 
are changed depending on photo numbers and threshold 
values. When the number of photos increases, the accuracy 
values will increase. The main reason is that the number of 
faces is increased with the number of photos. In addition, 
the number of duplicate faces also increases. The values of 
the face vectors will be scattered in more dimensions, lead-
ing to low similarity even though it is suitable for grouping 
faces. On the other hand, a large threshold value will dis-
card participants who are suitable for the same face group, 
leading to low accuracy. In summary, accuracy has reached 
better among different conditions when the threshold value 
is 0.85. The experimental results show the common trend 
that the performances of the proposed AFRM and four exist-
ing mechanisms are increased with the number of faces, in 
terms of accuracy, precision and recall. This is because the 
number of training data increases with the number of faces. 
As a result, it helps improves accuracy, precision as well as 
recall, which are shown in Fig. 8a–c, respectively.

The AFRM method has been compared with SVM, MLP, 
and CNN to verify its effectiveness in Table 6. In compari-
son, the accuracy, precision, and recall of the existing CNN, 
SVM, MP, and Fused are smaller than the proposed AFRM. 
As a result, the accuracy of the AFRM algorithm is 97.5%. 
The accuracies of the SVM, MLP, CNN, and Fused algo-
rithms are 58.7%, 74.6%, 28.8%, and 89.4%, respectively. 
The results demonstrate that the proposed AFRM algorithm 
is better than the other four algorithms, and it is very poten-
tial to contribute to the future development of real-time face 
recognition systems.

(a)Accuracy (b) Precision (c) Recall

Fig. 8   Performance of five compared algorithms in terms of accuracy, precision, and recall

Table 6   Accuracy comparison in different methods

Methods Accuracy (%)

Support vector machine (SVM) [24] 58.7
Multilayer perceptron (MLP) [24] 74.6
Convolution neural network (CNN) [24] 28.8
Fused algorithm [24] 89.4
The proposed method (AFRM) 97.5
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6 � Conclusion

Generally speaking, after each meeting, it is very common 
for meeting members to take pictures as souvenirs. However, 
it is difficult to map each name to each face in the photo 
since the name list and the faces in the photo are asymmet-
ric. Given the name lists and the collected photos from past 
meetings, this paper proposed an AFRM algorithm aiming 
to map each name to each face accurately. Unlike the exist-
ing studies, this paper takes the benefits of feature vector 
extraction, cosine similarity calculation, probability estima-
tion as well as grouping, which contribute significantly to 
face recognition for the systematic dataset. The proposed 
AFRM is mainly composed of four phases. In the initial 
phase, all face images are extracted from meeting photos, 
and then face vectors are extracted from all face images. 
Then the grouping phase calculates the cosine similarity 
to know the duplicate participants among all face vectors. 
Next, the statistic mechanism phase is adopted to calculate 
the name probability of each name in the name lists. Finally, 
the mapping phase tags the names with face vector catego-
ries according to probability values by the name inference 
algorithm and feeds the face vector categories with names 
into the KNN clustering mechanism for training. After train-
ing, participants’ names instantly come out if new photos 
are fed into the recognition model. The performance study 
reveals that the proposed AFRM algorithm performs better 
than the existing algorithms in real-time face recognition 
cases. Future work will consider the companies' databases 
to improve face recognition accuracy. As a result, the system 
will provide the name of the participant’s face photo with 
yield background information such as contact information, 
cooperation cases, and experience in the meeting.
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