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In this paper, we propose a face perception model to mimic the biological mechanism of face perception
and memory in human brain. We are mainly inspired by the fact that there are two functionally and
neurologically distinct pathways after the early face perception and they both interact to process the
changeable features of faces. Accordingly, our model consists of three perception parts, facial structure
perception, facial expression perception and facial identity perception, which are all component-based.
The structure perception has a feed-forward projection to the expression and identity perception, while
the expression affects the identity perception with a modulation process. We embody the three parts
referring to three bio-inspired computational models. For the facial structure perception, we utilize a
cascaded-CNN (convolutional neural networks) approach to estimate the center locations of key facial
components. For the facial expression perception, we propose a novel approach which exploits convolutional deep belief networks (CDBN) to spontaneously locate the places containing the most discriminative information and synchronously complete the feature learning and feature selection. For the
facial identity perception, we propose an approach which adopts the hierarchical max-pooling (HMAX)
model to encode notable characteristics of facial components and utilizes a new memory formation
integrating the preliminary decision, expression modulation and ﬁnal decision process. We evaluate our
model through a series of experiments and the experimental results demonstrate its rationality and
effectiveness.
& 2016 Elsevier B.V. All rights reserved.
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1. Introduction
In the last several decades, a series of biologically inspired
computational models for visual cognition are proposed based on
the study of neurophysiology and psychology. They greatly promote not only the understanding of brain mechanism but also the
development of computer vision. In 1959, Hubel and Wiesel [24]
ﬁrstly suggest that there are two categories of cells in visual cortex,
simple cells and complex cells. They study the receptive ﬁelds and
functional architectures of the two cells, and propose a hierarchical model of the visual nervous system [25]. Fukushima [14]
proposes a self-organizing neural network, called neocognitron,
which has a modular structure similar to the hierarchical model
proposed by Hubel and Wiesel. The modular structure is composed of two layers of cells connected in a cascade. The ﬁrst layer
n
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consists of “S-cells” which are similar to the simple cells, and the
second layer consists of “C-cells” which are similar to the complex
cells. Neocognitron can reduce the problem of the shift in position
and the distortion in shape. Derived from the function of prestriate
visual cortex (areas V2 and V3) and inferior temporal (IT) cortex,
Perrett and Oram [41] propose a model for the shape processing
and object recognition. The model adopts a parallel processing
framework based on a series of hierarchical steps, and completes
the pooling operation through associative learning rules at each
stage. Another famous visual computational model is the HMAX
[45,48] which mimics the structure and function of the ventral
stream in the primate visual cortex. It is a hierarchical feedforward model composed of simple cells and complex cells alternately. Based on a MAX-like operation, it can extract positioninvariant and scale-invariant features used for recognition.
Inspired by the top-down recognition mechanism, Hinton et al.
[17] propose a multilayer generative probability model, deep belief
networks (DBN), in which layers encode statistical dependencies
among the units in the next layer, and give a fast learning
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algorithm which maximizes the likelihood of training data one
layer each time.
On one hand, researchers have done some meaningful works to
extend the HMAX model. Motivated by the property of neurons in
the area V4 of macaque monkeys, Cadieu et al. [6] propose a
quantitative hierarchical model which increases more modular
units at the top of the HMAX model. The modular unit is composed of a simple cell and a complex cell. The model can achieve
visual shape selectivity and invariance properties of area V4. Qiao
et al. [43] introduce the mechanism of active memory and association into the HMAX, which provides a top-down control function in the improved model. Meanwhile, the model exploits
semantic and episodic features in the practical procedure. Later,
they further improve the model and introduce the mechanism of
preliminary cognition and active adjustment both occurring in the
IT cortex [44]. In addition, the attention mechanism [56,4],
memory processing mechanism [30], feedback mechanism [10],
sparsiﬁcation [23] and lateral inhibition mechanism [37] have also
been considered to extend the HMAX model.
On the other hand, researchers have also done some meaningful
works to extend the application of DBN. Liu et al. [31] propose a
uniﬁed loopy framework, boosted deep belief network, which combines the boosting technique and DBN. It is used for facial expression
recognition and gets a decent performance. For high-dimensional
realistic images, Lee at al. [28] present a generative model, convolutional deep belief networks. It shrinks higher layers with probabilistic
max-pooling and learns hierarchical representations in an unsupervised way. Huang et al. [22] propose a novel representation
combining hand-crafted descriptors and additional features learned
by the CDBN, and utilize them for face veriﬁcation. Lee el al. [29] use
the CDBN to learn unsupervised feature from the spectrograms of
time-domain signals, and get a good performance for multiple audio
classiﬁcation tasks. In addition, DBN is also used for 3D object
recognition [38], image classiﬁcation [26], natural language call
routing [47], learning a covariance kernel [19] and so on. These
applications all obtain decent performances.
Recently inspired by the biological mechanism of face perception, we introduced the expression factor into a traditional face
recognition method and got a successful improvement [60]. After
this, we further investigated the biological mechanism of face
perception and memory in human brain. Based on these, we
propose a face perception model in this paper which can give a
more plausible solution to the face perception procedure from
biological perspective. Each aspect of the model is almost inspired
by relevant neurophysiological and psychophysical research ﬁndings. As for the face perception in human brain, neurobiologists
point out that there are two functionally and neurologically distinct pathways after the early perception which is responsible for
encoding the structural information of faces. The two distinct
pathways perceive relatively invariant aspects and changeable
aspects of faces, and both interact to process the changeable features of faces such as the features used for identity recognition
under different expressions. The invariant aspects include facial
identity while the changeable aspects include facial expression. As
for the memory in human brain, neuropsychologists suggest that
the memory consists of three processing stages: encoding, storing
and recall. The recall stage starts with a search and retrieval process and then continues with a decision or recognition process.
Accordingly, our face perception model consists of three perception parts, facial structure perception, facial expression perception
and facial identity perception. The structure perception has a feedforward projection to the expression and identity perception. And
the expression perception affects the identity perception with a
modulation process.
Practically, we embody the three perception parts referring to
three bio-inspired computational models presented recent years.

For the facial structure perception, we utilize a cascaded-CNN
approach to estimate the center locations of key facial components. Then guided by the location estimation results, a
component-based division is carried out. For the facial expression
perception, we propose a novel approach which utilizes the CDBN
to complete the feature learning and feature selection synchronously. It spontaneously locates the places which contain the most
discriminative information for expression perception and represents them effectively. For the facial identity perception, we propose an approach which adopts the HMAX to encode notable
characteristics of facial components and utilizes a new memory
formation integrating the preliminary decision, expression modulation and ﬁnal decision process. As semantic patches from key
and non-key components penetrate the entire model, the model is
actually component-based. Through a series of comprehensive
experiments, we study the property of our model and demonstrate
its rationality and effectiveness.
In short, this paper has four major contributions summarized as
below.
(1) We propose a face perception model which mimics the biological mechanism of face perception and memory in human
brain. Our model is inspired by relevant neurophysiological
and psychophysical research ﬁndings, and is implemented
with a component-based form.
(2) We propose a novel approach which utilizes the CDBN to
spontaneously locate the places containing the most discriminative information and synchronously complete feature
learning and feature selection for the facial expression
perception.
(3) We propose an approach which adopts the HMAX to encode
notable characteristics of facial components and utilizes a new
memory formation for the facial identity perception which
integrates the preliminary decision, expression modulation
and ﬁnal decision process.
(4) Through a series of comprehensive experiments, we study the
property of our model and demonstrate its rationality and
effectiveness.
The remaining parts of this paper are organized as follows.
Section 2 brieﬂy reviews the biological evidence motivating the
proposed model. Section 3 explains the implementation of our
model in detail. Section 4 evaluates the model through a series of
experiments and analyzes its characteristics. Section 5 makes a
conclusion with respect to the paper.

2. Biological evidence
Our model is mainly inspired by the biological mechanism of
face perception and memory in human brain. In this section, we
brieﬂy review the related biological evidence from four aspects.
The detailed descriptions are stated below.
2.1. Two distinct visual pathways in the face perception
For face perception, Bruce and Young [5] ﬁrstly propose a multiroute model. They suggest that there are seven distinct types of
information that people derive from faces, which are labeled pictorial,
structural, visually derived semantic, identity speciﬁc semantic, name,
expression and facial speech codes. Meanwhile, these different facial
attributes are processed by distinct functional routes. Later, Haxby
et al. [16] present a compatible model for the visual perception of
faces, which comprises three bilateral regions corresponding to three
different functions. The early perception encodes the structural
information of faces which is taken as input for the latter perception.
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It occurs in the inferior occipital gyri. Then the perception is executed
by two functionally and neurologically distinct pathways: one for
perceiving changeable aspects (involving the superior temporal sulcus) [40,46] and the other for perceiving invariant aspects (involving
the lateral fusiform gyrus) [58,7]. The changeable aspects refer to
expression, eye gaze, lip movement and so on; while the invariant
aspects refer to personal identity, name, biographical information, etc.
[53].

semantic patches from key and non-key components. After the
facial structure perception, the perception is separately carried out
by the Block 2 and Block 4 which correspond to facial expression
perception and facial identity perception, respectively. However,
the result of Block 2 affects Block 3 with a modulation process.
Block 3 explains the details of storing process which is used in the
facial identity perception. In this section, we explain the implementation of the model in detail.

2.2. Interaction between the two visual pathways

3.1. Facial structure perception

Even though the perception of facial expression and facial identity
are processed via two distinct pathways, they still have some shared
information and interact with each other [12,32,33]. Neuroimaging
studies ﬁnd that the inferior occipital gyri have a feed-forward connection with the superior temporal sulcus and lateral fusiform gyrus.
That is to say, the early perception has a feed-forward projection to
changeable-aspect perception and invariant-aspect perception.
Recent studies report that the superior temporal sulcus has a functional connection with lateral fusiform gyrus [55]. Baseler et al. also
ﬁnds that distinct neural pathways involved in expression and identity interact to process the changeable features of a face [2].

This perception part plays the role of structure perception
based on the biological evidence that an early face perception
happens before the expression and identity perception, and the
early perception encodes the structural information of faces which
has a feed-forward projection to the expression and identity perception. In practical, we embody this part with two steps, location
estimation and semantic division. It takes an original face image as
an input and takes semantic patches as outputs. We particularly
illustrate the procedure in the Block 1 of Fig. 1.

2.3. Key and non-key components in the face perception
Key components (including eyes, nose and mouth, also called
internal features in neuroscience) and non-key components
(including face outline, hair and ears, also called external features
in neuroscience) both contribute to face recognition with probably
different functions: key components are more independent facial
parts and can be easily distinguished in familiar face recognition
[11,61,39], while non-key components are crucial for perception
and memory of faces [13,49]. Although key components are the
most important factors in face perception and recognition, many
studies have shown that non-key components also contribute a lot
in the process for holistic processing, especially for the unfamiliar
faces. It is possible that faces with the same key components and
different non-key components could be recognized as different
people [50,51]. Moreover, non-key components alone could also
provide enough information for face recognition [11].
2.4. Three stages in the memory process
In general, memory consists of three processing stages: encoding,
storing and recall. Encoding refers to the process of converting the
outside information into a construct for latter brain activity. Storing is
the process to place newly acquired information into brain. Brain
imaging studies have shown that different representations of an
object are stored in distributed networks of discrete cortical regions
[35], and common representations of different objects are stored
aggregately in the same cortical regions [34]. Recall starts with a
search and retrieval process, and then continues with a decision or
recognition process to choose correct information [57], which is well
known as Austin Simonson theory. Many factors can inﬂuence the
retrieval process such as the type of information being processed and
the retrieval cues that are presented.

3.1.1. Location estimation
The location estimation is to estimate the center locations of
four key facial components: right eye, left eye, nose and mouth.
We utilize a cascaded-CNN approach to achieve the location estimations [52]. The approach employs three levels of CNN. The ﬁrstlevel CNN makes a coarse estimation based on facial region inputs.
It consists of four convolutional layers, three max-pooling layers
and two fully connected layers. The rest two levels make coarseto-ﬁne estimations based on the outputs of the front level, and
they have a common shallower structure. For more details about
the cascaded-CNN structure, refer to [52]. It should be stated that
the approach directly gives the locations of two mouth corners for
a mouth. However, they can be easily transformed to the location
of mouth center by an average trick.
3.1.2. Semantic division
The semantic division is to divide a face image into semantic
patches guided by the results of location estimation. We adopt a
component-based division approach which roughly divides a face
into four key components and four non-key components. That is, a
face image face is divided into eight semantic patches patchu ðu ¼
1; 2; …; 8Þ from four key components and four non-key components, which orderly cover the region of right eye, left eye, nose,
mouth, forehead, chin, right cheek and left cheek. Note that, in
order to make each patch approximately component-based, the
dividing size should be person-speciﬁc. Having taken into account
human face characteristics, we adopt a trick that each patch size
should be proportion to the distance between two eye canters
with a ﬁxed ratio.
After the semantic division, a face image is divided into componentbased patches which are accompanied with coarse semantic meanings.
The rest perception procedures rely on these component-based patches
instead of a whole image. Thus the entire model is actually componentbased.
3.2. Facial expression perception

3. The model structure and algorithm
Based on the above biological evidence, we propose a face
perception model which is compatible with Haxby's model [16].
The framework of our model is given in Fig. 1. It mainly consists of
four blocks. Block 1 is facial structure perception in which an
original face image is divided into component-based patches.
Other blocks completely rely on the outputs of Block 1, the

This perception part plays the role of recognizing facial expression
based on the biological evidence that one visual pathway in face
perception is responsible for processing changeable-aspect information such as facial expression. It takes key facial components as inputs
and takes the expression recognition result as an output. We particularly illustrate the procedure in the Block 2 of Fig. 1.
As we know, a conventional expression recognition algorithm
includes three steps: feature learning, feature selection and
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Fig. 1. The framework of our face perception model. The electronic form offers a better view.

classiﬁer construction. And the features are often artiﬁcially
designed [62,63,9]. In this paper, we propose a novel approach for
expression recognition which utilizes the CDBN to complete feature learning and feature selection synchronously. It is amazing
that the CDBN can spontaneously locate the places which contain
the most discriminative information for expression recognition
and represent them effectively. Practically, we adopt four CDBNs to
separately extract features over the four key facial components,
and then send a concatenated feature to a support vector machine
(SVM) classiﬁer to complete the expression recognition. Some
details of the approach are explained below.

3.2.1. Convolutional deep belief network
The CDBN, here, is a combination of two layers of convolutional
restricted Boltzmann machines (CRBM) [18], which is a two-layer,
bipartite, undirected probabilistic graphical model with each of
the joint conﬁguration (v,h) assigned the probability of:
1
Pðv; hÞ ¼ expð  Eðv; hÞÞ
Z

ð1Þ

where v A RD correspond to the visible units, h A RK are the hidden units and Z is a normalization constant. D and K are the input
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This computing procedure completes the feature learning and
feature selection synchronously. Then the low-dimensional arrays
are transformed into vectors xu for the sake of latter computing. A
concatenated feature X E ¼ ½x1 ; x2 ; x3 ; x4  is ﬁnally passed to a SVM
classiﬁer to obtain the expression recognition result Y E ¼ t,
t A f1; 2; …; N e g, where Ne is the total number of facial expressions.
3.3. Facial identity perception

Fig. 2. A single layer CRBM with maxpooling. We only show one feature map
(group k) for simplicity.

and output dimensionality respectively. A CRBM is usually followed by a pooling layer to prevent from over-ﬁtting.
In this paper, we use the CRBM in [20] and a simpliﬁed structure
of this single layer CRBM is illustrated in Fig. 2. The single layer CRBM
includes three layers: a visible layer, a hidden layer and a pooling
layer. The visible layer V is an nv  nv dimensional array of real-valued
units. The ﬁlter weight Wk is nw  nw dimension. The hidden layer Hk
consists of K groups of nh  nh ðnh ¼ nv  nw þ 1Þ dimensional arrays,
where k A f1; …; Kg. Each hidden unit is locally connected to visible
units and the ﬁlter weights are shared among all locations within
each group of the hidden layer. In addition, each hidden group has a
bias bk and all visible units have a shared bias c. The pooling layer Pk of
np  np ðnp ¼ nh =CÞ dimension utilizes probabilistic max-pooling
which shrinks the Hk with a pooling window of C  C dimension.
Each unit pkα in the poling layer is binary. The energy function of the
CRBM is deﬁned as:
Eðv; hÞ ¼ 

nh
nw
K
X
X
X

k

hij W krs vi þ r  1;j þ s  1

k ¼ 1 i;j ¼ 1 r;s ¼ 1



K
X
k¼1

bk

nh
X
i;j ¼ 1

k

hij  c

nv
X
i;j ¼ 1

vij þ

nv
1 X
v2
2 i;j ¼ 1 ij

ð2Þ

where vij and hij are the states of visible units and hidden units
respectively, and Wrs are the weights between them.
The CRBM can be trained with the contrastive divergence
approximation method [18] just as how RBMs are trained. By stacking
CRBMs one to another, where the outputs of previous CRBMs are the
inputs of followed CRBMs, a multi-layer CDBN is formulated.
3.2.2. CDBN-based expression recognition
As illustrated in the Block 2 of Fig. 1, the CDBN-based expression recognition approach consists of two parts, four CDBNs and a
SVM classiﬁer. The four CDBNs share the same network structure
which is a combination of two layers of CRBM. That is, they all
consist of ﬁve layers: one visible layer V, two hidden layers H ð1Þ ,
H ð2Þ , and two pooling layers P ð1Þ , P ð2Þ . They are responsible for
extracting features around right eye, left eye, nose and mouth
respectively, and thus called as CDBN-RE, CDBN-LE, CDBN-N and
CDBN-M. Note that, they take patchu ðu ¼ 1; 2; 3; 4Þ as inputs and
each of them is fed with patches from the same facial component
during the training procedure. The reason why we just adopt four
key components not all facial components is that the most discriminative information for expression recognition is mainly
located around eyes, nose and mouth. It is stated in the information study [31] and the psychological study [8]. In fact, we also
carry out a contrast experiment to conﬁrm a better approach. The
method which adopts all facial components costs more computing
time, but gets a little lower expression recognition accuracy. Thus
we ﬁnally adopt four key components.
Through the whole network, CDBNs spontaneously locate the
places which contain the most discriminative information for
recognizing the facial expression, and represent them effectively
with outputs of low-dimensional arrays at the top of each CDBN.

This perception part plays the role of recognizing facial identity
under the modulation of facial expression. It is based on the biological evidence that (a) two distinct neural pathways, involved in
expression and identity perception, interact to process the
changeable features of a face such as the features used for identity
recognition under different expressions; (b) memory consists of
three processing stages: encoding, storing and recall; (c) recall
starts with a retrieval process and then chooses correct information from the retrieved results in a decision process. Correspondingly, the identity recognition part of our model includes encoding,
storing, retrieval, preliminary decision, expression modulation and
ﬁnal decision. This procedure takes key and non-key components
as inputs, and takes the identity recognition result as an output.
We particularly illustrate the procedure in the Block 4 of Fig. 1.
3.3.1. Encoding
In human brain, the real encoding means information from the
outside world is sensed in the form of chemical and physical stimuli.
Particularly, if we often see a certain face, our brain encodes different
characteristics of the face with many encoding patterns. We assume
that there are NC encoding patterns. That is, there are NC face features
for each known face which are stored in our long term memory. From
the computer vision aspect, we can utilize different descriptors to
functionally mimic this fact, such as the HMAX, SIFT and LBP. However, when we recognize whether a face is known, we may just use
NnC notable features among total face features.
As an optional solution to the notable face features, we adopt the
HMAX to encode face characteristics. Firstly, as a preparation, we need
to respectively extract C1 patches cpatchij ði ¼ 1; 2; …; NnC ; j ¼ 1; 2; …;
NP Þ at the C1 level of the HMAX model based on divided face patches
patchij from known people, where NP is the number of known people.
Thus N nC is eight as we adopt face patches from key and non-key
components explained above. The C1 patches from the same facial
component constitute a C1 patch cluster Ci, namely cpatchij A C i . Then
based on each Ci, we extract C2 features f i A RNP at the C2 level of the
HMAX model for each face image. The fi are the ﬁnal notable features
which represent a facial component for identity recognition. Hereafter
for short, a face feature from key components is called key feature while
a face feature from non-key components is called non-key feature.
3.3.2. Storing
In the long term memory of mammal, different features of a
known object are regularly stored in distributed areas and the common features of different known objects are stored aggregately. As
shown in the Block 3 of Fig. 1, we utilize the same strategy to store
face features from known people. For example, the ﬁrst face feature of
different people f 1j ðj ¼ 1; 2; …; NP Þ are stored together and they form
a storing subspace F 1 . And different face features of the ﬁrst people f i1
ði ¼ 1; 2; …; NC Þ are separately stored in distributed subspace F i
ðf ij A F i Þ. The storing process is actually similar to a training procedure
in a general identity recognition method, and does not involve
dubious people which require being recognized.
In addition, we suppose that a robust identity perception is
based on some stored essential characteristics as the effect of
expression modulation is ﬁnite. We assume that the facial identity
recognition just relies on the features from neutral faces which can
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provide most complete and normal face characteristics. Thus we
just store the features from neutral faces of all known people.
3.3.3. Preliminary decision
The preliminary decision process refers to evaluating the
similarity between a dubious person and all known people
respectively based on different face characteristics. As explained
above, we just exploit notable face features to recognize a person.
Thus before the preliminary decision, we need to retrieve corresponding notable features from total face features of all known
people. This procedure is called retrieval.
We use P ij to represent the similarity between a dubious person
and the jth known people only based on a notable face feature fi.
Practically, P ij can be estimated via an extending support vector
machine with pairwise coupling, which gives probability estimation instead of label prediction for multi-class classiﬁcation [59].
The method is mainly expressed as
X P ij þ P ij0 
P ij ¼
Rjj0 ; 8 j:
ð3Þ
NP  1
0 0
j :j a j



Rjj0 ¼ P yi ¼ jj yi ¼ j or j0 ; f i ¼

1
^

1 þ eAG ðf i Þ þ B

ð4Þ

where yi are the preliminary identity recognition results only
^ Þ are the decision values calculated by
based on the feature fi, Gðf
i
the binary SVM of the jth and j0 th classes, and the parameters A
and B are found by minimizing corresponding negative loglikehood of all the training samples for the binary SVM:
X
min 
Iðyi ¼ jÞ log Rjj0 þ Iðyi ¼ j0 Þ log ð1  Rjj0 Þ
ð5Þ
where IðÞ represents an indicator function. For the face features
from N nC facial components, we have to train N nC models to
implement the similarity estimation. In the preliminary decision
process, Pij instead of yi are the target outputs which are really
exploited in the below process. One shortcoming of the probability
estimation method is that its operation requires the training data
generally owning more than two samples for each class.
3.3.4. Final decision
After the preliminary decision process, we get preliminary recognition results which are respectively inferred based on single face feature. However, the discriminative abilities of different face features vary
for the identity recognition, and they can complement each other to a
certain extent [13,1]. Thus these preliminary recognition results are not
highly reliable. We can make full use of the output similarities simultaneously to obtain a more comprehensive and reliable ﬁnal result.
Meanwhile the discriminative ability of each face feature varies under
different facial expressions. We should also consider the effect of facial
expressions on the identity recognition.
The function of ﬁnal decision is to pick out the one with maximum
similarity among all known people, considering the contributions of all
face features and the effect of facial expressions. The ﬁnal decision
introduces an expression modulation and fusion of different face features. The operation of weighted sum is widely adopted in many bioinspired computational models to mimic the characteristics of neurons
[21,27,42]. Similarly, here the expression modulation is embodied with
a modulation-weight form and the fusion is embodied with a
probability-sum form. Concretely, the ﬁnal identity recognition result YI
is decided by
0 n
1
NC
X
ð6Þ
ωit P ij j Y E ¼ t A
Y I ¼ argmax @
j A f1;2;…;N p g

i¼1

where ωit is a modulation-weight and represents the contribution of
the face feature fi to the identity recognition under the facial expression
Y E ¼ t. As the expression modulation is component-based, it is a

biologically plausible way that the modulation adopts a modulationweight form. ωit can be conﬁrmed with a tiny trick. The identity
recognition accuracy just via the face feature fi, on a dataset only consisting of the samples with the expression Y E ¼ t, is assigned to ωit.
Under the facial expression Y E ¼ t, all the modulation-weights ωit
compose a modulation-weight set Ωt ðωit A Ωt Þ. The modulationweights of key components represent the essential attributes of
human faces which are not easily affected by external factors such as
accessories. In fact, the modulation-weights of key components do not
rely on datasets and have a transfer ability which accords with the
characteristic of human visual system. That is to say, the modulationweights of key components gained on one dataset can be used on other
datasets. It will be veriﬁed in the following experiments.
For understanding the perception procedure of our model more
clearly, we summarize it in Algorithm 1.
Algorithm 1. The perception procedure of our model.
Input: A dubious face image face to be perceived.
Output: The facial expression YE and the facial identity YI.
1: Estimate the center locations of key facial components with
cascaded CNNs.
2: Divide a face image face into component-based patches
patchu ðu ¼ 1; 2; …; 8Þ guided by the location estimation
results.
3: Send semantic patches from key components patchu ðu ¼ 1;
2; 3; 4Þ to CDBNs and get corresponding features xu.
4: Predict facial expression Y E ¼ t with a SVM based on the
concatenated feature X E ¼ ½x1 ; x2 ; x3 ; x4 .
5: for i ¼ 1; ir N nC ; iþ þ do
6: Extract C2 features fi at the C2 level of the HMAX model for
each face image face.
7: Retrieve corresponding feature subspace Fi.
8: for j ¼ 1; j rN p ; j þ þ do
9:
Compute the similarity P ij with the jth known people
just based on fi.
10: end for
11: end for
12: Fuse all the preliminary similarities under the modulation
of facial expressions, and obtain facial identity YI using 6.
4. Experiments and analyses
To demonstrate the rationality and effectiveness of our model,
we conduct a series of comprehensive experiments on two famous
public face databases, the AR [36] and the CMU Multi-PIE face
database [15]. Firstly, we evaluate our model on the AR database.
For better understanding of our model, we give out detailed procedure, experimental parameters and intermediate results. Secondly, we analyze the characteristics of our model and verify its
rationality through several designed experiments on the AR
database. Finally, we compare our model with two well-known
face recognition methods and evaluate their performances on the
two databases. This section illustrates the three aspects in detail.
4.1. Experiments on the AR database
4.1.1. Experimental setup
The AR database consists of over 4000 color images for 126 subjects
including 70 men and 56 women. The same images are taken in two
sessions, so hereafter the images are obviously divided into a training
set and a testing set according to the shoot session. Each subject is taken
with four expressions, neutral, anger, smile and scream. One shortcoming of the AR database for our purpose is the lack of neutral samples used for training. However, we ﬁnd that the neutral expression and
the anger expression are highly similar, and the rule is actually suitable
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for almost all the subjects in the database. Thus we approximately
regard anger samples as neutral ones hereafter.
What is more, for the purpose of studying if glasses have effects
on the performance of our model, we divide the AR database into
two subsets, AR-A and AR-B, according to whether a subject wears
glasses or not. The AR-A subset consists of 80 subjects wearing no
glasses. After eliminating some subjects whose images are
damaged or lost, the rest of the AR database belong to the AR-B. In
both subsets, each subject has three neutral samples for the
training process and three different expression samples for the
testing process. We separately evaluate our model on the AR-A and
AR-B subsets. Then an evaluation is further made on the total AR
database consisting of the AR-A and AR-B.
4.1.2. Experimental procedure
For each face image, we use the cascaded-CNN approach to
estimate the center locations of key facial components. Then guided by the estimations, a face image is roughly divided into eight
semantic patches. Fig. 3 shows the estimation results and corresponding dividing results of one subject under different facial
expressions. It is obviously observed that the approach can perform accurate estimations even though the faces are distorted by
exaggerated expressions. The eight semantic patches are partially
overlapped, but they are approximately component-based and
enclosed with coarse but explicit semantic meanings. Although
the approach for image dividing is rough, it has little effects on the
ﬁnal results, which can be proved below.
In order to reduce parameters, the four CDBNs have the same
model parameters. The ﬁrst-layer CRBM has K 1 ¼ 10 feature maps
while the second-layer CRBM has K 2 ¼ 1 feature map. It means
that the hidden layer H ð1Þ and the pooling layer P ð1Þ both have 10
feature maps while the hidden layer H ð2Þ and the pooling layer P ð2Þ
both have 1 feature map. In all CRBMs, the width of a convolutional window nw is 8, and the width of a pooling window C is 2.
The semantic patches from the same facial component should be
scaled to the same size. Then they are continuously preprocessed
with several common image-processing methods including gray
level transformation, subtracting the mean, dividing by the standard deviation and the zero components analysis (ZCA) whitening.
The sizes of all layers in the four CDBNs are summarized in Table 1.
In Fig. 4, we visualize the locations of maximal activations at H ð2Þ
layer of the four CDBNs under different expressions. These local
regions marked with green boxes are the places where the maximal
activations mainly locate. It vividly shows what information each
CDBN actually extracts. Coincidently, the maximal activations almost
locate at the places which have the most expression-related facial
deformation, except for the nose region. For example, the maximal
activations of the CDBN-M locate at the outer edge of the lip for the
neutral expression, the gap between the teeth and the lip for the
smile expression, and the teeth for the scream expression. The CDBNRE and CDBN-LE have similar rules. These demonstrate that the CDBN
has the ability to spontaneously locate the places which contain the
most discriminative information for facial expression recognition. This
phenomenon is also a powerful proof to verify the rationality of our
expression recognition approach.
At the same time, we also visualize the modulation-weight sets
under the neutral, smile and scream expression in Fig. 5. The color
of each ellipse represents the modulation-weight value of corresponding facial component. The modulation-weight distributes in
the interval ½0; 1. The darker the blue color is, the larger the value
is. The color-map intuitively shows how much contribution different facial components make to the identity recognition under
different expressions. It is a strong proof to verify the rationality of
the expression modulation process in our model.
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Fig. 3. The location estimation results (red points) and corresponding dividing
results (cyan rectangles) under different facial expressions. (For interpretation of
the references to color in this ﬁgure caption, the reader is referred to the web
version of this paper.)

Table 1
The sizes of all layers in the four CDBNs.
Layer

CDBN-RE

CDBN-LE

CDBN-N

CDBN-M

V
H ð1Þ
P ð1Þ
H ð2Þ
P ð2Þ

105  110
98  102
49  51
42  44
21  22

105  110
98  102
49  51
42  44
21  22

115  90
108  82
54  41
46  34
23  17

140  140
132  132
66  66
58  58
29  29

4.1.3. Experimental results
Table 2 gives the evaluation results of our model on the AR
database.
Regarding the identity recognition, the recognition accuracy on
the AR-B subset is almost the same as that on the AR-A subset. It
partly demonstrates the robustness of our model to the interference of glasses. What is more, the recognition accuracy on the
total AR database is almost the same as that on the AR-A and AR-B.
This fact further infers that our model is robust to the interference
of glasses. Hereafter we do not need considering the interference
of glasses, and the subjects with glasses are not paid extra attentions in latter experiments. In addition, the good recognition
accuracy, nearly reaching up to 99%, conﬁrms the effectiveness of
our model.
Regarding the expression recognition, with similar analyzing
method we can draw a conclusion that the CDBN-based expression
recognition approach seems also robust to glasses. Meanwhile, the
good performance conﬁrms the effectiveness of the CDBN-based
approach, and veriﬁes the conclusion that the most discriminative
information for expression recognition is mainly located around
eyes, nose and mouth [31].
4.2. Analyses of our model
In the last subsection, we evaluate our model on the AR database and show some experimental details. In this subsection, we
plan to design several experiments on the AR database to analyze
the characteristics of our model and verify its rationality. Below,
we orderly show the role of the expression modulation process,
the role of key and non-key components, and the stability of
our model.
4.2.1. Role of the expression modulation process
By analyzing the visualization of modulation-weight sets under
different expressions, Fig. 5, we draw two conclusions as below
which can partly explain the motivation of the expression modulation process.
(a) The discriminative abilities of all facial components are different for the identity recognition.
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Fig. 4. The locations of maximal activations in the four CDBNs under different expressions. (For interpretation of the references to color in the text, the reader is referred to
the web version of this paper.)

Table 3
The identity recognition accuracies, on different expression samples, of our model
with and without the expression modulation process.

Fig. 5. The visualization of the three modulation-weight sets. (For interpretation of
the references to color in the text, the reader is referred to the web version of this
paper.)

Table 2
Expression and identity recognition accuracies of our model on the AR databases.
Database

Expression (%)

Identity (%)

AR-A
AR-B
AR-A þAR-B

96.67
95.56
95.76

98.75
98.89
98.79

(b) Face deformation corrupts the discriminative abilities of facial
components. And the greater a face deformation is (e.g., from
neutral to scream vs from neutral to smile), the more serious a
corruption is.
To further realize the role of the expression modulation process for
the identity recognition, we design a controlled trial on the AR
database in which our model discards the process. For throwing light
upon the truth, the evaluation is separately made on different
expression samples. The results are compared in Table 3. As the
neutral and smile samples have little face deformation, the effect of
expression modulation is concealed. On the scream samples, the
identity recognition accuracy decreases from 96.36% to 76.36% if our
model discards the process. Though the deformation partly changes
some intrinsic characteristics of facial components, the expression
modulation process makes a great contribution to recognizing the
samples with serious face deformation. In addition, the results also
can verify the rationality and effectiveness of the process.

Method

Neutral (%)

Smile (%)

Scream (%)

With modulation
Without modulation

100
100

100
100

96.36
76.36

Table 4
The identity recognition accuracies on different expression samples when utilizing
different features.
Method

Neutral (%)

Smile (%)

Scream (%)

Keyþ Non-key features
Key features
Non-key features

100
94.55
98.18

100
68.18
97.27

96.36
24.55
96.36

In total, by analyzing the visualization of modulation-weight
sets and implementing the controlled trial, we sufﬁciently show
the effect of the expression modulation process.
4.2.2. Role of key and non-key components
In fact, based on Fig. 5, we can infer some rules about the
contributions of key and non-key components to the identity
recognition. In order to sufﬁciently verify the rules, we design two
controlled trials on the AR database. The ﬁrst one just exploits the
key features, and the second one just exploits the non-key features. Similarly, the evaluations are also separately made on different expression samples. The results are compared in Table 4.
By analyzing the table, we make some conclusions below. Under
the neutral expression, the discriminative abilities of key features
approximate to the ones of non-key features. Face deformation corrupts the discriminative abilities of key and non-key features. However, the ability of non-key features to resist the discriminability
corruption caused by face deformation is stronger than the one of key
features. The greater a face deformation is, the greater the difference
between their discriminability is. The method exploiting both features
beats that exploiting either of the two features. In a word, the results
verify that key features do not play an identical role as non-key
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Fig. 6. The statistical results of identity recognition accuracies separately at different numbers of subjects. (For interpretation of the references to color in the text,
the reader is referred to the web version of this paper.)

Database

Eigenfaces (%)

Fisherfaces (%)

Our model (%)

AR
Multi-PIE

90.00
50.65

94.24
44.71

98.79
91.99

Modulation−Weight

Table 5
The results of contrast experiments.

1
0.8
0.6
0.4
0.2
AR
Multi−PIE

features in the identity recognition, and they can partly make a
compensation to each other.
4.2.3. Stability of our model
For studying the stability of our model for the facial identity
recognition, we separately carry out the identity recognition task
on the AR database when the number of subjects varies. Every
subject has three expression samples for testing. We repeat each
evaluation several times and show the statistical results in Fig. 6.
Blue bars represent mean values, while yellow whiskers represent
standard errors of the mean (SEM) which indicate the stability of
performances. From the overall trend, the mean accuracy decreases slightly as the number of subjects increases which accords
with the fact that the increment of the number of subjects takes
more challenge to the identity recognition. And as the number of
subjects increases, the SEM also decreases slightly which means
the stability gets better. That is because the number of subjects
directly determines the number of C1 patches, and the discriminability of C2 features becomes stronger when exploiting
more C1 patches. Meanwhile, rare puzzled samples affect the
results with lower proportion as the number of subjects increases.
4.3. Contrast experiments
Through a series of experiments above, we demonstrate the
rationality and effectiveness of our model. In this subsection, we
plan to further verify its effectiveness with contrast experiments.
Firstly, we compare the performance with two classical facial
identity recognition methods, Eigenfaces [54] and Fisherfaces [3],
on the AR database. The three methods are evaluated with the
same amount of training images and testing images as that in
Section 4.1.1. The results are shown in Table 5. From the table, we
can see that our model has a moderate advantage over the two
classical methods.
Then, we evaluate the three methods on the CMU Multi-PIE
face database [15]. It collects 755,370 images in four sessions for
the purpose of face recognition research across pose, illumination
and expression conditions. It records 5 different expressions, but
only two expressions, neutral and smile, are recorded in more than
one session. In addition, only 129 different subjects appear in all

0
1

2

3

4
u

Fig. 7. The comparison of modulation-weights trained on different datasets. Horizontal axes represent the index of the variable patchu ðu ¼ 1; 2; …; 8Þ which orderly
correspond to right eye, left eye, nose, mouth, forehead, chin, right cheek and left
cheek. (a) The modulation-weights under neutral expression. (b) The modulationweights under smile expression.

the four sessions. Considering the characteristics of the database,
we test the three methods on a subset of the Multi-PIE, which
consists of the 129 subjects with the two expressions. Similarly,
we still exploit three neutral samples for training as that on the AR
database. The results are also shown in Table 5. Our model beats
the two methods greatly on the Multi-PIE face database. Through
analyzing, we ﬁnd that the images in the Multi-PIE database have
less effective pixels for the facial region, more complex backgrounds and more variations between different sessions than the
AR database. Facing the challenge, the performances of the two
classical methods decrease nearly half. However, the recognition
accuracy of our model decreases a little, still more than 90%. It
observably highlights the advantage of our model. In fact, if the
number of training samples for each subject increases to four, the
recognition accuracy of our model can reach up to 98.06%.
In addition, we compare modulation-weights trained on the
two datasets, in Fig. 7, to reveal some characteristics of
modulation-weights. As the evaluation on the Multi-PIE dataset is
only conducted on neutral and smile samples, the comparison of
modulation-weights is implemented under the two expressions.
From the ﬁgure, we ﬁnd that the differences of the modulationweights of key components between the two datasets are small
(average 0.0455) while those of non-key components are large
(average 0.4396). We suppose that the modulation-weights of key
components maybe own a transfer ability. To conﬁrm it, we design
a controlled trial. We still evaluate our model on the two datasets,
but we exchange their modulation-weights of key components.
That is to say, we evaluate our model on the AR dataset with the
modulation-weights of key components trained on the Multi-PIE
dataset. It is amazing that the identity recognition accuracies on
both datasets do not have any change. It adequately demonstrates
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that the modulation-weights of key components do not rely on
training datasets and have a transfer ability.

5. Conclusions
In this paper, we propose a face perception model which
mimics the biological mechanism of face perception and memory
in human brain. With respect to implementing the expression and
identity recognition, we practically propose two novel approaches
referring to some bio-inspired computational models presented
recent years. The expression recognition approach can spontaneously locate the places containing the most discriminative
information and synchronously complete feature learning and
feature selection. The identity recognition approach utilizes a new
memory formation integrating the preliminary decision, expression modulation and ﬁnal decision process. The major characteristics of our model are: (a) each aspect is almost inspired by
relevant neurophysiological and psychophysical research ﬁndings;
(b) the entire model is component-based and integrates the
function of key and non-key components; (c) the model may give
a biologically plausible solution to the face perception procedure.
In the future work, we will try to extend our model considering
the effect of different expressions on the semantic perception of
faces. It will further improve the descriptive ability and robustness
of the face perception model.
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