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ABSTRACT
To date, there is only limited research that explicitly exploits the relationships among Action Units and expressions for
facial expression recognition. In this paper, we propose an
facial expression recognition method through modeling the
expression-dependent AU relations. First, the incremental association Markov blanket algorithm is adopted to select crucial action units for a certain expression. Second, a Bayesian
Network (BN) is constructed to capture the relationships between a certain expression and its crucial action units. Given
the learned BNs and measurements of AUs and expression,
we can then perform expression recognition within the BN
through a probabilistic inference. Experimental results on the
CK+ and MMI databases demonstrate the effectiveness and
generalization ability of our method.
Index Terms— expression recognition, BN structure,
Markov blanket, AU
1. INTRODUCTION
Facial expression recognition has attracted increasing attention due to its wide applications in human-computer interaction [1]. There are two kinds of descriptors of expressions:
expression category and Facial Action Units (AUs) [2]. The
former describes facial behavior globally, and the latter represents facial muscle actions locally. Therefore, there exist
close relations between AUs and expressions. For example,
AU23 and AU24 must be present in the AU combination for
anger expression [3]; AU4 is a component of negative expression, and AU4 must not appear in happy expression. This
∗ Shangfei Wang is the corresponding author. This work has been supported by National Program 863 (2008AA01Z122), the National Science
Foundation of China (Grant No. 61175037, 61228304), project from Anhui Science and Technology Agency (1106c0805008) and the Fundamental
Research Funds for the Central Universities.

expression-dependent AU relation is important information
for expression recognition. However, current research mainly recognize facial action units and expression individually,
ignoring such relations.
Till now, there exist only a few works considering the relation between expressions and AUs to help expression recognition, or to jointly recognize AUs and expressions [4]. For
example, Pantic and Rothkrantz [5] summarized the production rules of expressions from AUs using the AUs-coded descriptions of the six basic emotional expressions given by Ekman [2]. Since automatic AU recognition is error prone process, such rule based expression recognition method is very
sensitive to false positives and misses among the AUs. Zhang
and Ji [6] proposed dynamic Bayesian networks to model the
relation of facial expressions to the complex combination of
facial AUs, and temporal behaviors of facial expressions. Li
et al [4] introduced a dynamic model to capture the relation among AUs, expressions, and facial feature points, and use the
model to perform simultaneous AU and expression recognition, and facial feature tracking. In these two works, the links
between expression nodes and AU nodes of DBN are manually deﬁned according to the AUs-code expression descriptions.
Different from the related works, we ﬁrst select discriminative AUs for a certain expression using incremental association Markov blanket (IAMB) algorithm [7]. Then, we construct a Bayesian network to systematically capture the dependencies between expression speciﬁc AUs and expression.
The nodes of the BN represent the AUs and expressions. The
links and their parameters capture the probabilistic relations
among AUs and expressions. After that, we design an expression recognition method with the help of the extracted
Markov blanket AU labels as hidden knowledge. We train expression recognition algorithm by leveraging on the relationships among the selected AUs and the expression. We refer
the selected AU labels as the hidden knowledge since they are
only available and used during training, and they will not be
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available during testing. Given the trained BN, we can infer the expression by combining the BN and the measurement
during testing, and the measurement nodes can be instantiated with the AUs and expressions’ estimates obtained from a
traditional image-based method. The experimental results on
CK+ database show the superior performance of our model
to the image-driven method. The experiment results on MMI
database demonstrates the generalization ability of our model.

2. METHOD
The goal of this work is to construct an expression classiﬁer
which can learn and infer from facial images with the help of
AU knowledge that is available during training. Our approach
consists of three modules: discriminative AU selection ( i.e.
extraction of the Markov Blanket AUs of each expression),
AU and expression measurement extraction, and relations between selected AUs and expression modeling by BN.

M I(λi , λl+1 |M B(λl+1 )) =

λj

P (λj ) p(λi , λl+1 |λj ) log
λj ∈M B(λl+1 )

(1)
where λi ∈ {D − M B(λl+1 ) − {λl+1 }}.
During the growing phases, the computation of conditional dependency depends on the current formed Markov Blanket, which may cause false positives. Thus, the shrinking
phase tests the conditional independence and remove the AUs
that do not belong to the MB(λl+1 ) by testing whether a node
λj from MB(λl+1 ) is independent of λl+1 given the remaining MB(λl+1 ). Finally, we obtain the Markov blanket AUs
λj , j ∈ [1, n] for each expression λl+1 , as shown in Fig.1
(in which the contempt picture is downloaded from internet
because of the copyright limitation of the CK+ database).

The training phase of our approach includes obtaining the
Markov blanket AUs of each expression, training the traditional image-based classiﬁers for AU and expression measurement extraction and training the BN to capture the semantic relationships among Markov blanket AUs and expressions. For Markov blanket AUs extraction of each expression,
IAMB algorithm is used. For measurement extraction, a current image-based algorithm is used. Given the measurements,
we infer the ﬁnal labels of samples through the most probable
explanation (MPE) inference with the BN model.
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2.1. Expression Dependent AU selection

The objective of AU selection is to seek a number of signiﬁcant AUs for a certain expression to facilitate the recognition of such expression. Since the Markov blanket [8] of
a target variable is the only knowledge needed to predict the
target variable, we want to ﬁnd the Markov blanket AUs of a
certain expression. Given the the Markov blanket AUs of a
certain expression, the distribution of this expression is conditionally independent of all the other AUs. Here, we adopt
incremental association Markov blanket (IAMB) [7] algorithm, which consists of two phases: the growing phase and the
shrinking phase. The growing phase starts with an empty set
for the MB(λl+1 ) and then gradually adds AUs, λi , that maximizes a heuristic function [9, 10] as follows:
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Let D = {Xi , (λ1i , ..., λli , λl+1i )}m
i=1 be the training data,
where Xi ∈ Rd is the facial image features, (λ1i , ..., λli ) are
the multiple AU labels, which are only available during training, l is the total number of AU labels; λl+1i is the expression
label, and m is the number of training samples.
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Fig. 1. The Markov blanket AUs and the co-existence probabilities of each expression on the CK+ database.

2.2. Measurement extraction
Let DE = {Xi , (λ1i , ..., λni , λn+1i )}m
i=1 be the training data for a certain expression λn+1i , where Xi ∈ Rd is the
facial image features, (λ1i , ..., λni ) is the multiple Markov
blanket AU labels, n is the number of Markov blanket AU
labels of the expression; λn+1i is the expression label, and
m is the number of training samples. The measurements mλ
are the preliminary estimations of the Markov blanket AUs
and expression labels using an existing image-driven recognition method based on training data. In this work, the movements of the feature point between the neural and apex images
are used as the image features, and Support Vector Machine
(SVMs) are used as the classiﬁer to obtain the measurements.
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2.3. Modeling Dependencies between Expression and
AUs by Bayesian Network
In order to model the semantic relationships among expression and Markov blanket AUs, a BN model is utilized in this
work. As a probabilistic graphical model, BN can effectively capture the dependencies among variables in data. In our
work, each node of the BN is an AU or expression label,
and the links and their conditional probabilities capture the
probabilistic dependencies among AUs and expression. Fig.2
shows the BN models of the 7 expressions on CK+ database.
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Fig. 2. BN models of each expression with its Markov blanket
AUs on CK+ database

2.3.1. BN Structure and Parameters Learning



















A BN is a directed acyclic graph (DAG) G = (Λ, E), where
Λ = {λi }n+1
i=1 represents a collection of n + 1 nodes and E
denotes a collection of arcs.
Given the dataset of multiple target labels T D = {λij },
where i = 1, 2, ..., n, n + 1 is an index to the number of nodes, and j = 1, 2, ..., m is index to the number samples.
The structure and parameter learning is to ﬁnd a structure G
that maximizes a score function. In this work, we employ

the Bayesian Information Criterion (BIC) [11] score function
which is deﬁned as Eq. 2
QBIC (G, θ : G∗ , θ∗ ) =
(2)
Dim(G)
log N
2
where the ﬁrst term is the log-likelihood function of structure
G with respect to data D, representing how well G ﬁts the
data. The second term is a penalty relating to the complexity
of the network, where DimG is the number of independent
parameters and N is the number of samples.
To learn the structure, we propose to employ the BN structure learning algorithm [12]. By exploiting the decomposition
property of the BIC score function, this method allows learning an optimal BN structure efﬁciently and it guarantees to
ﬁnd the global optimum structure, independent of the initial
structure. Furthermore, the algorithm provides an anytime
valid solution, i.e., the algorithm can be stopped at any-time
with a best current solution found so far and an upper bound
to the global optimum. Representing state of the art method
in BN structure learning, this method allows automatically
capturing the relationships among emotions. Details of this
algorithm can be found in [12].
After the BN structure is constructed, parameters can be
learned from the the ground truth labels and their measurements of the training data. Learning the parameters in a BN
means ﬁnding the most probable values θ̂ for θ that can best
explain the training data. Here, let λi denotes a variable of
BN. Let θijk denote a probability parameter for node λki BN,
then,


(3)
θijk = P λki | paj (λi )
EG∗ ,θ∗ [logP (D|G, θ)] −



where i ∈ {1, ..., n}, j ∈ {1, ..., ri } and k ∈ {1, ..., si }.
pa(λi ) is a collection of parent instantiations for variable
λi , ri represents the number of the possible parent instantiations for variable λi , and si indicates the number of the state
instantiations for λi , λki denotes the kth state of variable λi .
In this work, the “ﬁtness” of parameters θ and training data T D is quantiﬁed by the log likelihood function
log(P (T D|θ)), denoted as L(θ). Assuming the training data are independent, based on the conditional independence
assumptions in BN, the log likelihood function is shown in
Eq. 4, where nijk indicates the number of elements in T D
containing both λki and paj (λi ).
⎞
⎛
L (θ) = log ⎝

n

ri

si

ijk ⎠
θijk

n

(4)

i=1 j=1 k=1

Maximum Likelihood Estimation (MLE) method can be
described as a constrained optimization problem, which is
shown in Eq. 5.

S.T

M AX L(θ)
si

gij (θ) =
θijk − 1 = 0
k=1
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(5)

where gij imposes the constraint that the parameters of each
node sums to 1 over all the states of that node. Solving the
n
above equations, we can get θijk =  ijk
nijk .
k

2.3.2. BN Inference
A complete BN model is obtained after parameter and structure learning. Given the expression and Markov blanket AUs
measurements obtained in the former procedure, the true expression category of the input sample is estimated through
BN inference. During the BN inference, the posterior probability of categories can be estimated by combining the likelihood from measurement with the prior model. Let λi and
mλi , i ∈ {1, ..., n, n + 1}, denote the label variable and
the corresponding measurement obtained a multi-label learning method respectively. Then, most probable explanation
(MPE) [9] inference is used to estimate the joint probability
of AUs and expression, then the label of expression is inferred
according to Eq.6.
Y  = arg max P (λn+1 | mλ1 , ..., mλn , mλn+1 )

model that recognize expression with the help of AUs. The
image-driven expression recognition is the same as the initial
expression measurement estimation discussed in section 2.2.
Furthermore, in order to evaluate the generalization ability of the proposed method, the cross-database expression
recognition experiments are conducted. The Markov blanket
AUs of each expression are extracted from the CK+ database,
as shown in Fig.1, then the BN model of each expression
are trained using the extracted Markov AUs and the measurements of MMI database [13]. The MMI database consists of
over 2900 videos and high-resolution still images of 75 subjects. It is fully annotated for the presence of AUs in videos
(event coding), and partially coded on frame-level, indicating
for each frame whether an AU is in either the neutral, onset,
apex or offset phase. 102 videos clips with both AU and emotion labels are adopted in this work.
In this work, F1 score of positive instance and accuracy
of all the samples are considered as metrics to evaluate our
method. And 10-fold cross validation is adopted in these expreiments.

λn+1

= arg max
λn+1



n+1

(

n+1

P (mλi | λi )

λ1 ,λ2 ,...λn i=1

P (λi | pa(λi )))

3.2. Dependencies between AU and expression on CK+
database

i=1

(6)
The ﬁrst part of the equation is the likelihood of λj
given the measurements and the second part is the product of the conditional probabilities of each category node λj
given its parents pa(λj ), which are BN model parameters that have been learned. In this work, the inferred label
gets the expression value with the highest probability given
mλ1 , ..., mλn , mλn+1 .
3. EXPERIMENTS
3.1. Experimental condition
The Extended Cohn-Kanade Dataset (CK+) [3], in which 7
expression categories (i.e. Anger, Contempt, Disgust, Fear,
Happy, Sadness and Surprise) and 30 AU labels are provided
for parts of the samples, is used to validate our method. Finally, 327 samples with both expression category and FACS
labels are selected, and 13 AUs whose frequencies of all the
selected samples are more than 10% are considered, which
are: AU1, AU2, AU4, AU5, AU6, AU7, AU9, AU12, AU17,
AU23, AU24, AU25, and AU27. For each expression category, the experiment is a binary classiﬁcation. The expression
labels of all the samples are assigned to be 0 (i.e. absence)
or 1 (i.e. presence). Therefore, for each binary classiﬁcation
problem, the instances of positive class are much less than
negative class.
To validate the supplementary role of the selected AUs
in assisting expression recognition, two experiments are conducted: the image-driven expression recognition and our

We quantify the dependence between different AUs and expressions using a conditional probability of P (λj |λi ), as
shown in Table 1, which measures the probability of label λj
happens, given label λi happens. From Table 1, we can ﬁnd
that there exist two kinds of relationships between AUs and
expressions: coexistent and mutual exclusion. For example,
P (AU 25|surprise) and P (AU 9|disgust) are higher than
0.980, which shows AU25 is always coexistent with surprise
expression and AU9 is always coexistent with disgust expression. P (AU 1|anger) and P (AU 2|happy) are 0.00, which
means anger expression never coexists with AU1, and AU2
is inactive when happy expression happens. To conclude, the
AUs are important information for expressions. Comparing
Table 1 with Fig.1, we can see that our method almost select
the most coexistent and mutual exclusion AUs for each expression. To be speciﬁc, for anger, AU1 is one of the most
mutual exclusion AUs, and the other three AUs are all among
the ﬁrst four coexistent AUs; for contempt, AU9 and AU25
are among the most mutual exclusion AUs; for disgust, AU9
and AU17 are the two most coexistent AUs, and AU23 is a
mutual exclusion AU; for fear, AU1, AU4 and AU25 are the
three most coexistent AUs, and AU27 is the most mutual exclusion AU; for happy, AU6 and AU25 are among the three
most coexistent AUs, and AU4 is one of the most mutual exclusion AUs; for sad, AU25 is one of the most mutual exclusion AUs and AU1 is the second coexistent AU; for surprise,
AU2 and AU27 are among the ﬁrst four coexistent AUs, and
AU4 is one of the most mutual exclusion AUs. Therefore, in
most cases, our method capture the most coexistent and mutual exclusion AUs of each expression.
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Table 1. Dependencies between AUs and expressions (each entry aij represents P (λj = 1|λi = 1)).
PP λj
AU1
AU2
AU4
AU5
AU6
AU7
AU9
AU12
AU17
AU23
AU24
AU25
AU27
PP
λi
P
anger
contempt
disgust
fear
happy
sad
surprise

0.000
0.056
0.000
0.880
0.000
0.929
0.976

0.000
0.056
0.000
0.400
0.000
0.250
0.976

0.889
0.056
0.610
0.840
0.000
0.821
0.012

0.133
0.000
0.000
0.640
0.000
0.000
0.843

0.178
0.000
0.305
0.120
0.957
0.000
0.000

0.711
0.000
0.559
0.240
0.101
0.036
0.000

0.067
0.000
0.983
0.000
0.000
0.000
0.000

0.022
0.278
0.034
0.080
0.971
0.000
0.036

0.800
0.056
0.034
0.000
0.000
0.107
0.012

0.867
0.278
0.695
0.120
0.000
0.964
0.000

0.733
0.111
0.119
0.000
0.000
0.036
0.000

0.000
0.000
0.153
0.920
0.971
0.000
0.988

0.000
0.000
0.000
0.000
0.000
0.000
0.867

Table 2. Experimental results on CK+ database.
method
Image-driven
Our’s

parameter
F1 score
Accuracy
F1 score
Accuracy

anger
0.832
0.954
0.832
0.954

contempt
0.813
0.982
0.813
0.982

disgust
0.818
0.929
0.862
0.951

3.3. Experimental results on CK+ database
The experimental results of expression recognition are shown
in Table 2. From this table, we can conclude that, our method
outperforms the image-driven method for three of the seven expressions, including disgust, happy and sadness. Since
both the F1 score and accuracy of these three expressions
with our method are higher than those with the image-driven
method. That means considering both recall and precision,
our method achieves the better performance than the imagedriven method on the positive class. And our method correctly predicts much more instances than image-driven method
for both the positive class and the negative class. The imagedriven method directly predicts each expression from the image features, ignoring the AU knowledge. However, in fact,
the expressions are not totally independent with AUs. For the
other four of the seven expressions, the performance of our
method are same as those of the image-driven method. So,
for all of the 7 expressions and the average value, both the F1
score and accuracy of our method are not less than the imagedriven method. Therefore, our method works effectively.

3.4. Cross-database experiments
Table 3 shows the cross-database expression recognition results, where the “Image-driven” lines show the F1 score and
accuracy of the directly image-driven method and the “Our’s”
lines show the cross database recognition results. From this
table, we can obtain that the proposed method works well
when trained on CK+ database and tested on MMI database,
since for three of the ﬁve expressions, both the F1 score and
accuracy are improved by our method. The average F1 score is improved from 77.3% to 80.0% and the accuracy is
improved from 90.8% to 92.2% .It demonstrates the generalization ability of our method.

fear
0.744
0.966
0.744
0.966

happy
0.935
0.973
0.958
0.982

sadness
0.692
0.951
0.720
0.957

surprise
0.963
0.982
0.963
0.982

average
0.828
0.962
0.842
0.968

3.5. Comparison with related works
As mentioned in the introduction, a few works consider the
relations between expressions and AUs to help expression
recognition, or to jointly recognize AUs and expressions. Among all the works, Pantic and Rothkrantz [5] evaluate their
facial expression method on a set of 265 dual-view images;
Zhang and Ji [6] presented sequences acquired from their IR
illumination-based system to verify the effectiveness of the
proposed dynamic Bayesian networks; Li et al [4] performed
experiments on CK+ database and MMI database. Therefore,
we compare our work with Li et al. Experimental results on
CK+ database of Li et al [4] are listed in Table 4. From this
table, we can see, for three of the six expressions, our method
works more effective than their’s, and for the other three expressions, their method outperforms our’s. Considering the
average F1 score their method slightly outperforms our’s,
and considering the accuracy, our method slightly better than
their’s. However, our method use only the still image, while
their method models dynamic relations using the whole image
sequence. Therefore, in general, our method models capture
more effective information than their method and the AUs we
selected observably supplement expression recognition. Li et
al [4] do experiments on MMI database to evaluate the generalization ability of their model and they achieves an average expression recognition rate of 82.4%. While our method
achieve average expression recognition rate of 92.2%, which
is much higher than their’s, although the different samples of
the same database are used in the our experiment and their
experiment. It veriﬁes the the improvement of our method.
4. CONCLUSION
In this paper, we propose an expression classiﬁer, consisting
of two steps: ﬁrst, the Markov blanket AUs of certain expression are extracted, second, construct BN modeling the dependencies among the Markov blanket AUs and each certain ex-
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Table 3. Cross database experimental results on MMI database.
method
Image-driven
Our’s

parameter
F1 score
Accuracy
F1 score
Accuracy

anger
0.629
0.873
0.706
0.902

disgust
0.596
0.814
0.636
0.843

happy
0.913
0.961
0.913
0.961

sadness
0.833
0.941
0.833
0.941

surprise
0.894
0.951
0.913
0.961

average
0.773
0.908
0.800
0.922

Table 4. Comparison with related works on CK+ database.
method
Yongqiang’s
Our’s

parameter
F1 score
Accuracy
F1 score
Accuracy

anger
0.759
0.939
0.832
0.954

disgust
0.923
0.971
0.862
0.951

pression. With this classiﬁer, the Markov blanket AUs are
available during training but unavailable during testing. This
BN structure not only model the dependencies between AU
and expression but also the dependencies among AUs. Furthermore, the relations between AU and expressions are only dependent on the ground truth label data, independent on
the facial images. Therefore, the method of capturing such
relations can be applied to not only posed, frontal, and presegmented sequences, but also spontaneous, non-frontal, nonpre-segmented sequences. Markov blanket AUs and expression recognition results using image-driven method are adopted as measurements. Experimental results on CK+ database
demonstrates that our method further improve the expression recognition performance of image-driven method. Cross
database experiments shows the generalization ability of the
proposed method.
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