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Abstract— Research has shown that the human lip and its

movements are a rich source of information related to speech
content and speaker’s identity. Lip image segmentation, as a
fundamental step in many lip-reading and visual speaker
authentication systems, is of vital importance. Because of
variations in lip color, lighting conditions and especially the
complex appearance of an open mouth, accurate lip region
segmentation is still a challenging task. To address this problem,
this paper proposes a new fuzzy deep neural network having an
architecture that integrates fuzzy units and traditional
convolutional units. The convolutional units are used to extract
discriminative features at different scales to provide
comprehensive information for pixel-level lip segmentation. The
fuzzy logic modules are employed to handle various kinds of
uncertainties and to provide a more robust segmentation result.
An end-to-end training scheme is then used to learn the optimal
parameters for both the fuzzy and the convolutional units. A
dataset containing more than 48,000 images of various speakers,
under different lighting conditions, was used to evaluate lip
segmentation performance. According to the experimental results,
the proposed method achieves state-of-the-art performance when
compared with other algorithms.

Index Terms— fuzzy neural networks, convolutional neural
network, lip region segmentation

I. INTRODUCTION
Lip image processing has attracted wide-spread research

interest in recent years for its wide application in automatic
visual speech recognition [1-2], visual speaker authentication
[3-5], lip synchronization for facial animation [6], etc. Lip
region segmentation, which is also referred to as lip
segmentation, is the first and most crucial step in various
lip-related applications [7].
In past decades, many researchers have proposed various lip

segmentation approaches [8-22] which can basically be divided
into three categories depending on the information source they
exploit, i.e. color-based, edge-based or spatial information
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guided approaches. The color-based approaches [8-9] normally
detect lip pixels by a preset color filter which is able to
differentiate lip and non-lip pixels in a specific color space. The
color-based approaches can obtain good segmentation result for
lip images where there is a high color contrast. Therefore, in
some early lip-based applications, make-up with lipstick was
required.
The edge-based lip segmentation approaches (also referred

to as gradient-based approaches) [10-11] aim to segment the lip
region by detecting the lip-background boundary based on the
grayscale or color edge information. Owing to the fact that most
lip images are low contrast in nature, the edge strength in some
background regions (such as mustache, teeth, tongue, moles,
etc.) could be greater than that in the lip-background boundary.
This gives rise to false edges that significantly degrade
segmentation performance. In order to solve this problem,
many researchers utilised various lip models, which introduced
prior information for valid lip shapes and appearance. The
active contour model (also called Snakes) [12,13], the Active
Shape Model (ASM) [14] and the Active Appearance Model
(AAM) [15] are the most widely used lip models. Lip models
can provide geometric constraints for the final lip shape and
reduce the influence caused by false edges to some extent.
However, research [16] has demonstrated that the lip model
based approaches depend on good initialization and are still
sensitive to the noise boundary caused by various background
regions such as mustache, teeth, etc.
Spatial information guided approaches [16-22] take the

spatial location information into account to enhance the
segmentation performance. Two kinds of spatial information
have been widely utilized: local spatial information [16-19];
and global spatial information [20-22]. Local spatial
information refers to the intrinsic connections between
neighboring pixels and assumes that adjacent pixels are more
likely to be in the same class (lip or background). Markov
Random Field (MRF) based approaches are the typical local
spatial information guided lip region segmentation methods
[16-18]. Lievin et al. [17] and Zhang et al. [18] proposed two
pioneering lip segmentation approaches based on MRF. Both
color and edge information were considered in [18], and with
the local spatial constraints, the lip segmentation performance
was improved. In 2014, Cheung et al. proposed a hierarchical
multi-scale MRF model for lip segmentation [16]. In this
approach, the number of segments was automatically estimated
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by examining the lip images at various scales. Fuzzy clustering
based methods are another widely used lip segmentation
approach exploiting the spatial information [19-22]. Fuzzy
C-means (FCM) clustering provides a flexible architecture,
which can take both the color and spatial information into
consideration. In [19], Liew et al. provided a dissimilarity
measure integrating the local neighborhood information with
the color information to enhance the segmentation performance.
The above local spatial information guided approaches perform
well on images with “pepper” noise; however, they often
produce patches outside and holes inside the segmented lip
region.
Global spatial information usually refers to the approximate

location of the mouth region. In previous works of our group
[20-22], we proposed an FCM based segmentation algorithm
exploiting the global spatial information. Such information was
seamlessly integrated in the dissimilarity measure to
enhance/reduce the lip class probability for pixels
inside/outside the mouth region. Compared with the local
spatial information, the global spatial information is more
useful for lip segmentation if the approximate mouth region is
estimated accurately. One major disadvantage of these
approaches is that global information does not effectively
differentiate possible inner mouth components, especially the
tongue region.
Generally speaking, the existing sophisticated lip

segmentation approaches achieve good segmentation results to
some extent in a closed mouth situation. However, for various
lip images with open mouths, most of the above approaches do
not perform well with the major difficulty being in segmenting
the inner mouth components. This issue arises because the
color and spatial location of the inner mouth components may
be very similar to those of the lip region under various kinds of
lighting conditions and thus it is very difficult to design
universal rules or features to differentiate them.
With the rapid development of suitable hardware and

software, deep neural networks have shown superior
performance in image processing and computer vision [23-25],
which provides a promising direction for solving the
difficulties in lip segmentation. In recent work by our group
[26], we have designed the Lip Segmentation Network (LSN)
for examining the characteristics of the lip images. LSN adopts
the classical fully convolutional network (FCN) [27] structure
and integrates additional information from neighboring frames
in a lip image sequence to reduce adverse effects caused by
image noise and in-exact annotations. However, when
analyzing these segmentation results, many misclassified pixels
were observed in the inner mouth regions.
In order to solve the problems caused by the appearance of

inner mouth components, we adopt fuzzy learning to achieve a
discriminative feature representation for lip segmentation.
Recent research [28-30] has applied fuzzy logic to machine
learning fields.
Fuzzy learning can overcome various kinds of uncertainties

in both raw lip images and corresponding annotations.
Meanwhile, it is worth noting that according to human
experience, some useful characteristics or rules for lip

segmentation are fuzzy in nature, e.g. i) lip outer contour and
inner contour are of an elliptic-like shape; ii) lip pixels are of
similar color; and iii) pixels of teeth, gum and tongue are
located inside the mouth region and gathered together to form
patches with specific shapes, etc. In view of this, a new fuzzy
logic feature representation is proposed in this paper for lip
region segmentation. Inspired by [31], the fuzzy learning
module is seamlessly integrated into the proposed deep neural
network and thus the requirements of end-to-end learning can
be satisfied. Considering both the segmentation performance
and computational complexity, the deterministic part of the
proposed network is composed of a series of convolutional
layers. Hence, our method is referred to as the Lip
Segmentation with Fuzzy Convolutional Neural Network
(LSFCNN).
The major contributions of LSFCNN are three-fold: i) A

novel network structure that integrates fuzzy logic into the
convolutional neural network for lip segmentation is proposed.
To our best knowledge, this is the first attempt to adopt fuzzy
neural network in lip segmentation; ii) The proposed fuzzy
learning module can provide interpretable results which helps
us to understand the underlying mechanism of the segmentation
network; iii) In the training stage, a new loss function is
proposed which can guide the network to provide accurate
segmentation results in an efficient manner. In addition,
end-to-end training is also implemented.
The rest of the paper is organized as follows. Section II

shows the difficulties and challenges in lip image segmentation,
especially in the open mouth situation. Section III describes the
detail architecture of LSFCNN, including the model structure,
fuzzy logic network, the loss function, and other
implementation details. In section IV, the dataset and the
experimental results are presented as well as the ablation study
that evaluates the necessity of each component of LSFCNN.
Finally, Section V contains a conclusion and summary of the
results obtained.

II. CHALLENGES IN LIP SEGMENTATION

A. Problem Description in Lip segmentation

Segmenting the lip region from lip images taken in
uncontrolled environments is a challenging problem especially
when the mouth is open and various inner-mouth components
(i.e. teeth, tongue, etc.) are visible [22]. Fig.1 shows an example
of a lip image with an open mouth and its corresponding
characteristics. The following issues can be observed from this
figure. First, the color of the lip pixels and non-lip pixels
significantly overlap each other (as shown in Fig.1b). Due to
variations in illumination, shadow, etc., the colors of the lip
pixels are not uniform. With the tongue and gums visible,
pixels in these two regions have colors very similar to lip pixels.
Such color similarity causes unsolvable problems for
color-based lip segmentation algorithms. Second, there are
many edges located inside and outside the mouth region (as
shown in Fig.1c) and there is no obvious gradient change along
the lip-background boundary when compared with the rest of
the image (as shown in Fig.1d). In this case, the edge based and
gradient based algorithms become confused and are misled by
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these false edges and are unable to achieve good segmentation
results. Third, the pixels of inner mouth components, such as
teeth, tongue, gums, etc., have spatial locations that are close to
the lip pixels. Hence, spatial information does not provide
useful cues for differentiating between lip pixels and inner
mouth pixels. As a consequence, color, gradient and spatial
information alone cannot be used to segment the lip region
accurately in an open-mouth scenario. How to discover the
intrinsic rules in lip region segmentation and comprehensively
exploit the above information remains a challenging question.

(a) (b)

(c) (d)
Fig. 1. (a) The original image, (b) (c) and (d) are the color distribution in RGB
color space (red pixels denote the lip pixels and blue ones denote the non-lip
pixels), the edge image by the Canny operator, and the intensity gradient map of

(a), respectively.

B. Lip Segmentation with Fuzzy Convolutional Neural
Network (LSFCNN)

To address the difficulties described above, a new neural
network structure that combines the merits of deep
convolutional neural network and fuzzy learning is proposed.
The underlying rationale of using such a structure for lip
segmentation is as follows.

Fig.2 Pixels that are difficult to classify even for human

According to the discussions in Section IIA, using color,
spatial, and gradient information individually cannot achieve
good segmentation results. In addition, simple handcrafted
rules combining the above information (e.g. in [21] where the
spatial and color information is integrated in the dissimilarity
function) also fail to segment lip regions with open-mouths
accurately and robustly. Instead, robust and accurate lip
segmentation requires a series of complex rules or features that
can better exploit the color, spatial and gradient information
and their intrinsic relationship. Hence, a deep convolutional

neural network structure is adopted in our approach as this can
learn complex features from the training samples with lip-pixel
annotations. As shown in [16], lip segmentation at different
resolutions gives quite different results. Therefore, a
multi-scale, hierarchical network structure was designed where
the local context information and the global view information
are represented in the feature maps at different resolutions. Low
level feature maps with small receptive fields depict the local
contexts around a pixel. High level feature maps with large
receptive fields considered the global location and semantic
relationship among various kinds of objects such as the lip,
teeth, skin, mustache, etc. Taking all these feature maps into
consideration, a comprehensive view of the lip image can be
obtained.
On the other hand, the definition of a lip pixel is in fact a

fuzzy concept. As shown in Fig.2, for those pixels in the red
zone, even humans cannot judge whether they are lip pixels or
not and different people may annotate them differently. To
handle such uncertainty in annotation, fuzzy learning is adopted
in our algorithm and the fuzzy learning modules are seamlessly
integrated into the neural network. Each fuzzy learning module
follows a feature map at a specific scale and aims to build a
connection between the features and the segmentation result.
By considering the outputs of the fuzzy learning modules at
various levels, a robust and accurate lip segmentation result can
be achieved.
The multi-scale deep convolutional feature maps and the

fuzzy learning modules are the two key ingredients for robust
lip region segmentation and they work together to overcome the
difficulties in lip segmentation, especially in the open-mouth
scenario. Without the multi-scale feature maps, the fuzzy
learning component cannot handle the variations caused by
different illuminations, head pose, mouth shape and appearance,
etc. Without the fuzzy learning module, the deterministic deep
convolutional neural network cannot handle the uncertainties in
lip pixel annotation. Hence, in the proposed network structure,
these two components are integrated together to provide a
robust segmentation result.

III. THE PROPOSED METHOD

The overall network structure of the Lip Segmentation with
Fuzzy Convolutional Neural Network (LSFCNN) is given in
Fig.3. As can be seen, LSFCNN is composed of two parts with
different functionalities, i.e. the deep convolutional subnet for
multi-scale image feature extraction and the fuzzy learning
module to extract high-level semantic features in consideration
of various uncertainties. The fuzzy learning modules are
seamlessly integrated into the network and each module
handles the feature maps at a particular image scale. The
parameters for the deep convolutional subnet and the fuzzy
learning modules are optimized together by end-to-end learning
from the training samples with manually annotated lip regions.
Details of LSFCNN are presented in the following subsections.
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Fig. 3 Network structure of LSFCNN

A. The Deep Convolutional Subnet
The network structure of the deep convolutional subnet is

similar to that of the fully convolutional network (FCN) [27],
and includes the hierarchical feature extraction pipeline
extracting from the low-level, fine image features to the
high-level, coarse image features and the hierarchical feature
map fusion pipeline integrating all the feature maps at various
scale to a unified feature map for prediction.
In the feature extraction pipeline, inspired by Resnet [32],

residual blocks as shown in Fig. 4 are adopted to extract the
discriminative features at each scale. As shown in Fig. 3, the
input images are first passed through two convolutional layers,
followed by a max-pooling layer with a stride of 2 to generate
the finest feature map F1 (of half the image size in both the
horizontal and vertical direction). Then, a residual block
followed by a max-pooling layer with a stride of 2 is applied to
extract the comprehensive features in the corresponding
resolution. This procedure is repeated three times and the
feature maps F2 to F4 are extracted to represent the image
characteristics at various resolutions.

Fig. 4. Detailed structure of residual blocks, where H, W, C and C’ denote the
height, width of the feature map and the number of channels in the input and

output feature map, respectively.

In the feature fusion pipeline, feature maps at various scales
are fused together by the addition operation. To ensure that the
size of the feature maps at different levels are the same, the
deconvolution and upsampling operations are adopted, which
runs as follows (Fig. 5): i) zeros are inserted into the gap
between adjacent points; and ii) a 2×2 convolutional filter is
adopted to upsample the previous feature map. Finally, the
finest fused feature map is passed through a deconvolution and
upsampling layer and a softmax layer to generate the final
segmentation result.

Fig.5 Structure of the deconvolution and upsampling layer.

B. The Fuzzy Learning Module
The objective of the fuzzy learning module is to learn the

intrinsic, complex rules between the feature map and the
corresponding segmentation result. For each feature map from
F1 to F4, a specific fuzzy learning module with the same
structure as shown in Fig.6 is adopted. Note that the fuzzy
learning module processes only the feature maps rather than
the raw image data to avoid confusions caused by variations in
lighting, translation, rotation, etc.
Let F be the input feature map with a size of H×W×C,

where H andW denote the height and width of the feature map,
respectively and C is the number of channels. As shown in
Fig.6, for a specific channel c, M membership functions are
applied to each feature point in the channel. It is noted thatM is
kept the same for each channel of the feature map and can vary
among different input feature maps. Each membership
function assigns a fuzzy linguistic term label for the feature
points and all the membership functions are in the form of the
Gaussian function given in (1).

��ǡ�ǡ�ǡ� � �
�t

��ǡ�ǡ����ǡ�
��ǡ�

��
，� � 1⪈⪈ǡ� � 1⪈⪈�ǡ� � 1⪈⪈Ĩ (1)

where (x,y) is the coordinate of the feature point Fx,y,c in
channel c, μk,c and σk,c are the mean and standard deviation of
the k-th Gaussian membership function and Zx,y,k,c represents
the k-th output fuzzy linguistic term label of the feature point
(x,y) in channel c. Note that μk,c and σk,c (1 ≤ � ≤ Ĩǡ 1 ≤ � ≤
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� ) are trainable features which will be optimized during
training. Similar to [31], the “AND” fuzzy logic is applied to
all the memberships of the feature point and the final fuzzy
degree of Fx,y,c (which is denoted by ��ǡ�ǡ�) is obtained by

��ǡ�ǡ� � ��1
Ĩ ��ǡ�ǡ�ǡ�� (2)

As part of the network, the fuzzy learning module can be
regarded as a fuzzy layer described by a number of parameters
from the Gaussian membership functions. Note that the
parameters μ k,c and σ k,c (� � 1⪈⪈Ĩ) remain unchanged in the
same channel and can vary among different channels. This is
because feature points in the same channel are extracted by the
same convolutional kernel and will have similar characteristics;
while feature points in a different channel are obtained using a
different convolutional kernel and have different
characteristics. Hence, the number of parameters in each fuzzy
learning module can be calculated as M × C × 2, which is
comparable to that in a single convolutional layer.
Furthermore, to implement the fuzzy module, the number of
membership functions, i.e. M, is the only hyper-parameter to
be preset.

Fig. 6. Structure of the fuzzy learning module.

Finally, the output of the fuzzy learning module is the fuzzy
degree tensor Z={��ǡ�ǡ�} (� � 1⪈⪈ǡ� � 1⪈⪈�ǡ� � 1⪈⪈�), which
has the same size as the input feature map tensor F. Before
integration, the feature maps F1 to F4 and the fuzzy degree
tensor Z1 to Z4 are processed by batch normalization (BN) to
constrain their dynamic range. Then, a simple addition
operation is adopted to integrate the fuzzy logic information.

C. Loss Function Formulation
By classifying the pixels into either the lip or non-lip class, a

segmentation of the lip can be obtained. In most cases, the
number of non-lip pixels is much larger than the number of lip
pixels. However, traditional cross entropy loss cannot deal
with such severe class imbalance problem, so in [33] Lin et al.
proposed the focal loss to ease this problem, which is
formulated as follows in our application,
�魐 �� t�ǡ��� ��驠ᙵ

t1� ᙵ�ǡ��� �thᙵ�ǡ�� � t�ǡ��� ��t���驠ᙵ
ᙵ�ǡ��log 1 � ᙵ�ǡ��  (3)

where px,y is the estimated lip class probability of the pixel with
the coordinate (x,y), Rlip and Rnon-lip refer to the coordinate sets
belonging to lip and non-lip classes, respectively, and β is the
hyperparameter with a positive value. By multiplying the
factor of t1� ᙵ�ǡ��� for the lip pixels, the contribution of the
easily classified pixels with a large lip class probability are
weakened and vice versa. Hence, the difficult samples are
emphasized in each iteration which eases the class imbalance

problem and speeds up optimization. Inspired by [33], the
following loss function is proposed according to the
characteristics of the lip segmentation task, and is referred to
as the lip loss (Losslip), i.e.,

魐thh�驠ᙵ �� �ǡ� � ��驠ᙵ
1 � ��� 1� ᙵ�ǡ�

�
�th ᙵ�ǡ�� −

t�ǡ��� ��t���驠ᙵ
1 � ��� ᙵ�ǡ�� log 1 � ᙵ�ǡ��   (4)

where ,  are hyper-parameters with positive values. The
differences between the proposed loss function, the classical
cross-entropy (CE) loss function, and the focal loss function
are shown in Fig. 7 for the lip class pixels. From the figure, it is
observed that the function curves of the proposed lip loss and
the focal loss are both less than that of the CE loss when lip
probability is relatively high, i.e. when > 0.3, which helps the
network to focus on those difficult samples (e.g. the moles
with lip-like color in the background region, etc.) and the
easily classified pixels dominating the background region will
not be emphasized. Moreover, the proposed loss function
decreases less rapidly compared to the CE loss when the lip
class probability is low and has a higher value for larger
probability values compared to focal loss [33]. Our loss
function is designed based on the fact that: i) under the open
mouth scenario, the pixels in the tongue, gums, etc. are of a
very high lip-class probability at the start of the optimization
stage. Hence, misclassifying such samples is given a very high
penalty and the network is forced to memorize the
characteristics of these challenging samples; ii) it is observed
in our experiments that the lip class probabilities for a
background pixel varies greatly during the early optimization
stage. Hence, giving a relatively higher loss value for the
background pixels with lip probabilities greater than, say 0.7,
rather than ignoring them will help improve the robustness and
stability during network optimization. The effectiveness of the
proposed lip loss will be further demonstrated in Section 4.

Fig 7. Function curves of the lip loss, CE loss, and focal loss for the lip class
pixels. Note that the curves are linearly normalized where the area under curve

is equal to one.

D. Implementation Procedures
As stated in the previous subsections, LSFCNN is

composed of a deep convolutional subnet and fuzzy learning
modules related to the feature maps at various scales. An
end-to-end training scheme is used to obtain the optimum
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network parameters by minimizing the loss function defined in
Eqn. 4. We implemented LSFCNN on Pytorch 0.4 as follows.
i) Initialization: For the convolution and deconvolution layers
in the deep convolutional subnet, the weights are initialized
using a zero-mean Gaussian distribution with a standard
deviation of �/n, where n represents the number of weights
in the layer. The bias in each layer is initialized as zero. For
each fuzzy learning module, all the parameter pairs {μ, σ} in
the membership functions are initialized using zero-mean, unit
variance Gaussian distributions.
ii) Training: The batch size is set as 10. The stochastic gradient
descent (SGD) [34] is adopted to optimize the network. Note
that the training data is shuffled to guarantee that the lip
images in one batch belong to different people. The learning
rate is set to 10-6 and the momentum is set as 0.95.

TABLE I DETAILED STRUCTURE OF THE PROPOSED NETWORK, WHERE C AND
C’ ARE THE NUMBER OF CHANNELS OF THE INPUT AND OUTPUT FEATURE MAP,

RESPECTIVELY.

Layer kernels C C’ Parameters With BN
layer

Conv1
ReLU

3X3
-

3
-

32
-

864
0

√

Conv2
ReLU
Max pooling

3X3
-
-

32
-
-

64
-
-

18,432
0
0

√

Res- Block1
ReLU
Max pooling

3X3 & 1X1
-
-

64
-
-

128
-
-

557,056
0
0

√

Res- Block2
ReLU
Max pooling

3X3 & 1X1
-
-

128
-
-

256
-
-

2,228,224
0
0

√

Res- Block3
ReLU
Max pooling

3X3 & 1X1
-
-

256
-
-

512
-
-

8,912,896
0
0

√

Fuzzy module 1 - 64 64 128
Fuzzy module 2
Fuzzy module 3
Fuzzy module 4

-
-
-

128
256
512

128
256
512

512
4096
8192

Deconv1 2X2 256 256 524288 √
Deconv2 2X2 128 128 262144 √
Deconv3 2X2 64 64 131072 √
Deconv4 2X2 2 2 512 √

iii) Inference: A test image is forwarded into the trained
LSFCNN to obtain the segmentation result.
Details of the network hyper parameters are summarized in

Table I and we provide the source code in
“https://github.com/sjtuGC/LSFCNN”. As it has been
demonstrated that the increase in the depth of neural networks
can reduce the accuracy [32], we used three residual blocks to
achieve a good segmentation performance while maintaining
lightweight. The batch normalization layers can speed up the
training process and improve the convergence [35]. The fusion
method in the residual block, multi-level feature maps, and
fuzzy module is simply the addition operation.

IV. EXPERIMENT AND DISCUSSION

To evaluate the performance of the proposed network, a
dataset containing 49 people was employed. Each person was
asked to pronounce twenty phrases containing four digits in
random. Each phrase consists of 54 frames. Note that for each

speaker, the lip images were captured using his/her own
cellphones under at least four different circumstances. By
eliminating the low quality images, there are over 48,000 lip
images in the dataset and some sample lip images are shown in
Fig.8.

Fig.8 Sample images in our lip dataset

A. Experiment Setup
Since our approach uses supervised learning, the lip region

of all the lip images in the dataset were manually annotated.
The lip images of thirty speakers randomly selected from the
dataset were adopted as the training data and those of the
remaining nineteen speakers were adopted for testing. Four
conventional metrics in [27] were adopted to evaluate the
segmentation performance, i.e., the pixel-level classification
accuracy, the mean pixel accuracy, the mean intersection over
union (IU in short) and the frequency weighted IU. These
metrics are formulated as follows,
1) pixel accuracy�

��驠ᙵ���t���驠ᙵ
��驠ᙵ���t���驠ᙵ

2) mean accuracy� 1
�
t ��驠ᙵ
��驠ᙵ

� ��t���驠ᙵ
��t���驠ᙵ

�

3) mean IU� 1
�
t

��驠ᙵ
��驠ᙵ���t���驠ᙵ���t���驠ᙵ

� ��t���驠ᙵ
��t���驠ᙵ���驠ᙵ���驠ᙵ

�

4) frequency weighted
IU� 1

��驠ᙵ���t���驠ᙵ
t

��驠ᙵ��驠ᙵ
��驠ᙵ���t���驠ᙵ���t���驠ᙵ

� ��t���驠ᙵ��t���驠ᙵ
��t���驠ᙵ���驠ᙵ���驠ᙵ

�

where clip, cnon-lip denote the number of lip/non-lip pixels
correctly classified as the lip/non-lip class, respectively; nlip,
nnon-lip denote the total number of lip/non-lip pixels,
respectively.
To overcome the variations caused by different lighting

conditions, speaker’s pose, distance towards the camera, etc.,
data augmentation was adopted. In our experiments, the
following random processing steps had been performed as data
augmentation: i) random flipping and cropping; ii) random
noise on the brightness component; iii) random noise on the
contrast component. After data augmentation, all the images
were resized to 224×112 and then fed to the network.

B. Effectiveness of the Loss Function
TABLE II SEGMENTATION ACCURACIES IN % USING VARIOUS

SELECTIONS OF HYPER PARAMETERS.
Accuracy in % α=0.01 α=0.1 α=2 α=5 α=10

β=0.1
β=1

97.8
97.5

97.9
98.4

97.9
98.5

98.0
98.2

97.8
97.0

β=2
β=5

97.0
97.9

97.9
97.7

98.1
97.5

97.2
95.9

96.3
96.1

β=10 97.8 97.3 96.3 96.0 94.9

There are two hyper parameters α and β, in the proposed loss
function that determine the shape and steepness of the loss
curves. To select the optimal hyper parameters, a number of
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parameters were investigated, i.e. α∈{0.01,0.1,2,5,10} and β
∈ {0.1,1,2,5,10} and the pixel accuracy was adopted as the
evaluation criterion. Table II shows the segmentation
performance with various hyper parameter settings. From the
table, it is observed that the highest pixel accuracy is achieved
when α=2 and β=1. In addition, the accuracies obtained by the
hyper parameters in the range of 1 ≤ α ≤ � and 0⪈1 ≤ β ≤ �
are similar, which demonstrates that the proposed loss function
is insensitive to the hyper parameter settings.
With the optimal α and β, the lip segmentation performance

during training is shown in Fig. 9. The classical Cross-Entropy
(CE) loss and the Focal Loss (FL) [33] were also analyzed for
comparison. From the figure, it is observed that within a small
number of iterations (e.g. 3,000), the proposed lip loss can
achieve an acceptable segmentation performance (with a mean
IU over 0.8). In addition, the mean IU curves obtained for lip
loss are usually above those obtained by CE loss and FL loss,
which demonstrates that the proposed loss function speeds up
network convergence.
As discussed in Section IIIC, compared with the focal loss,

the proposed lip loss assigns a higher penalty for the
background pixels especially for those with a non-lip class
probability higher than 0.7. Hence, the misclassified
background pixels is more quickly corrected in the
optimization stage. We have shown some heat maps from
three iterations during the training period in Fig.10. From the
figure, it is observed that using the lip loss, the lip-class
probability in the background region is reduced drastically and
at iteration 1200, most of the background pixels have been
correctly classified.

Fig.9 Convergence curves obtained by three loss functions.

Fig.10 Heat map comparison under two loss function

C. Effectiveness of the Fuzzy Module
There are four fuzzy learning modules in our proposed

networks to learn the intrinsic relationship between each
feature map and the lip segmentation result. It should be noted
that the number of membership functions would influence the
fuzzy module as follows: A small number of membership
functions leads to lower computational complexity while a
large number of membership functions enables the fuzzy
module to have more complicated fuzzy logic. Taking both the
representative ability and computational complexity into
consideration, a number of settings have been selected and the
corresponding segmentation performance is listed in Table III
(“N/A” in the table means that the corresponding fuzzy
learning module is not active in the specific layer). Note that
according to the network structure, the spatial size of the
feature map reduces from C1 to C4. Hence, to balance the
number of weights in the fuzzy module, the number of
membership functions increases from C1 to C4.
From Table III, the following observations can be made.

First, compared with the classical FCN structure (i.e. all the
fuzzy modules are not active), the LSFCNN with fuzzy
modules in one or more feature layers achieves better
segmentation performance, which demonstrates the
effectiveness of introducing the fuzzy learning modules.
Second, when applying the fuzzy learning modules to all the
feature maps, the best performance is obtained. This
demonstrates that the fuzzy modules on the feature maps at
different scales can learn complementary rules and taking all
of them into consideration achieves the optimal performance.
Third, the best segmentation performance is obtained when the
number of membership functions is set as {1,2,8,8}.
To intuitively illustrate the functionality of the fuzzy

modules, the output of the fuzzy modules in some channels of
the feature maps is shown in Fig. 11. The black pixels in
Fig.11 indicate that the output of the corresponding position is
close to zero and the white pixels indicate values close to one.
As shown in Fig.11, the fuzzy learning modules in the
proposed network can describe the characteristics of the lip
pixels at different aspects. Some modules are responsible for
the upper (e.g. Module2-I) and lower lips (e.g. Module2-II),
some modules describe the lip corner region (e.g. Module1-II),
and some modules depict the inner mouth region (e.g.
Module4-VIII). The above observations show that the fuzzy
modules have learned some useful rules to differentiate the lip
region against the non-lip region, and demonstrate the
effectiveness of integrating the fuzzy module.

D. Comparisons with State-of-the-Art Approaches
To comprehensively evaluate LSFCNN, five state-of-the-art
lip segmentation approaches, i.e. MS-FCM [21], MRF [16],
FCN [27], LSN [25] and Mask RCNN [36] were used for
comparison. Besides the above metrics, four widely used
metrics in classification, i.e. sensitivity, specificity, F1-score
and AUC of ROC analysis [37] were also adopted for
evaluation. The lip segmentation performance using all these
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TABLE III
LIP SEGMENTATION PERFORMANCE BY VARIOUS NUMBER OF MEMBERSHIP FUNCTIONS IN EACH FUZZY MODULE

Setting Index 1 2 3 4 5 6 7 8

Number of

membership

functions

Fuzzy module 1 (M1)

Fuzzy module 2 (M2)

Fuzzy module 3 (M3)

Fuzzy module 4 (M4)

N/A

N/A

N/A

N/A

N/A

N/A

N/A

32

N/A

N/A

8

16

1

1

1

4

1

1

2

4

1

2

4

4

1

2

8

8

2

2

8

8

Segmentation

performance

Accuracy

mean accuracy

mean IU

frequency weighted IU

96.9%

90.4%

83.4%

93.7%

97.9%

90.8%

84.1%

96.1%

97.5%

89.5%

81.8%

95.5%

98.0%

91.4%

85.0%

96.3%

98.1%

91.5%

85.3%

96.4%

98.2%

92.9%

85.8%

96.5%

98.4%

94.5%

87.6%

96.9%

98.3%

94.5%

87.4%

96.7%

Time Cost Training Time 10h 10h 10.5h 14h 14h 14h 14h 17h

TABLE IV
COMPARISON OF DIFFERENT METHODS

MS-FCM MRF FCN LSN Mask-RCNN LSFCNN(ours)
Accuracy
mean accuracy
mean IU

95.8%
90.2%
82.9%

96.5%
90.9%
83.1%

97.2%
92.9%
85.5%

98.1%
93.9%
86.1%

98.3%
94.2%
87.1%

98.4%
94.5%
87.6%

frequency weighted IU 91.0% 91.9% 93.2% 95.9% 96.5% 96.9%
Sensitivity 81.6% 82.5% 81.5% 83.6% 83.9% 83.9%
Specificity 94.3% 92.9% 98.5% 98.5% 98.7% 98.9%
F1-score 78.3% 79.0% 79.2% 80.3% 80.4% 81.8%
AUC of ROC 97.0% 97.1% 98.1% 98.4% 98.6% 98.7%

Fig. 11. Heatmaps of the fuzzy modules.
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Fig.12 Lip image segmentation results using all the approaches investigated.

approaches are listed in Table IV. From the table, the following
two observations can be made. Firstly, the deep learning based
methods, i.e. FCN [26], LSN [25], Mask RCNN [36] and the
LSFCNN achieve better segmentation performance when
compared with the traditional unsupervised [16] or
semi-unsupervised [18] approaches. It indicates that compared
with the handcrafted rules or features, the deep neural network
can extract more complex and discriminative features to
differentiate lip pixels from the background pixels. Second,
LSFCNN also outperformed the other three CNN-based
approaches. By appropriately integrating fuzzy logic with
convolutional feature maps, the intrinsic characteristics of
various kinds of lip pixels and their complex relationships have
been learned. Hence, even when dealing with the challenging
open-mouth scenario, the proposed approach can achieve
satisfactory results.
The segmentation results for four example lip images

obtained by all the approaches investigated are given in Fig. 12.
From the figure, it is observed that: i) for the close-mouth-typed
image, all the approaches can achieve acceptable segmentation
results. It is mainly because in this image, the lip pixels can be
easily differentiated based on the color and spatial information;
ii) for the open-mouth-typed images, owing to the complicated
distribution of the lip pixels in both the color and spatial
domain, the traditional approaches [21,16] may not obtain
satisfactory results. With the aid of the additional supervised
information (manually annotated lip images), the deep learning
based approaches [25,26,36] (including ours) usually
performed better; iii) Among all the deep learning based
approaches, the proposed approach can achieve the best inner
mouth segmentation results for all the open-mouth-typed
images (esp. for the last one). It is mainly because the fuzzy
modules in the proposed network can better handle the
uncertainties in human annotations and the segmentation
results can be more robust.

V. CONCLUSION
In this paper, a new novel architecture of fuzzy

convolutional neural network was proposed. An end-to-end,
supervised learning of convolutional neural network structure
combined with fuzzy representations was proposed which can

learn high level semantics. The fuzzy neural network helps the
convolutional neural network to pay more attention to the lip
region. With the new architecture, we achieve state-of-the-art
performance with a 98.4% pixel-wise accuracy.
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