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Abstract— Recent advances in multiple-kernel learning (MKL)
show the effectiveness to fuse multiple base features in object
detection and recognition. However, MKL tends to select only the
most discriminative base features but ignore other less
discriminative base features which may provide complementary
information. Moreover, MKL usually employ Gaussian RBF
kernels to transform each base feature to its high dimensional
space. Generally, base features from different modalities require
different kernel parameters for obtaining the optimal
performance. Therefore, MKL may fail to utilize the maximum
discriminative power of all base features from multiple
modalities at the same time. In order to address these issues, we
propose a margin-constrained multiple-kernel learning
(MCMKL) method by extending MKL with margin constraints
and applying dimensionally normalized RBF (DNRBF) kernels
for application of multi-modal feature fusion. The proposed
MCMKL method learns weights of different base features
according to their discriminative power. Unlike the conventional
MKL, MCMKL incorporates less discriminative base features by
assigning smaller weights when constructing the optimal
combined kernel, so that we can fully take the advantages of the
complementary features from different modalities. We validate
the proposed MCMKL method for affect recognition from face
and body gesture modalities on the FABO dataset. Our extensive
experiments demonstrate favorable results as compared to the
existing work, and MKL-based approach.
Keywords-multimodal fusion; affect recognition; multiple kernel
learning;

I.

INTRODUCTION

Recent research demonstrate that affect recognition from
multiple modalities achieves better performance [6, 10, 12, 15,
21]. However, most literatures in affect recognition are either
only based on features extracted from single modality [12, 16,
21] or just using simply concatenated features from different
modalities [6, 10, 15, 22]. How to effectively fuse features
from different modalities is still an open question.
The most popular methodology at feature level fusion is the
simple concatenation of feature vectors from different
modalities to form a large feature vector [6, 10, 15, 22].
However, this fusion method requires a careful design for
selections of features and parameters, such as feature
dimension etc. This is essentially the manual feature selection.

Shan et al. [15] apply the Canonical Correlation Analysis
(CCA) to project facial features and body gesture features into
a low dimensional space which maximizes their correlation.
Then the authors simply concatenate the projected feature
vectors together to train a Support Vector Machine (SVM)
classifier for affect recognition. However, it is difficult to
extend this method to more than two types of features, or base
features hereafter, since it needs to find the correlated space
between a pair of base features. In this paper, we define base
features as a set of base descriptors, which can be combined to
form an optimal kernel. In practice, it is very likely to have
more than two base features for affect recognition due to the
problem complexity.
Gunes and Piccardi [10] select frames, which are the
common apex frames from both face and body gesture
modalities for affect recognition, and then perform a direct
concatenation to combine base features from both modalities.
However, the apex frame selection is based on the knowledge
of temporal dynamics, which is usually very difficult to predict
in advance.
The direct concatenation fusion method is vulnerable to the
contamination of less discriminative base features, especially
those with large feature dimensions. The multiple-kernel
learning (MKL) [1, 13, 18] is able to partially eliminate some
drawbacks of the direct concatenation fusion method. MKL
provides shielding from the contamination of the less
discriminative base features by assigning very large weights to
the most discriminative base features. It has recently shown the
effectiveness to fuse multiple base features in object detection
and recognition [18, 19]. However, MKL tends to select only
the most discriminative base features and ignore other less
discriminative base features. Therefore, MKL method cannot
fully take the advantages of all types of base features from
multiple
modalities, which provide
complementary
information.
Moreover, MKL usually employs Gaussian RBF kernels for
mapping each base feature to its high dimensional space H.
Generally, base features from different modalities require
different kernel parameters to achieve their optimal
performance. One of the reasons is due to the significant
different feature dimensions from multiple modalities.
Therefore, MKL may not utilize the maximum discriminative
power of all types of features from multiple modalities at the
same time.

In order to address these issues, we propose a marginconstrained multiple-kernel learning (MCMKL) by applying
(1) additional margin constraints, and (2) dimensionally
normalized RBF kernels (DNRBF).
The margin of a separating hyper-plane in SVM literature
[3] is defined as the perpendicular distance between the support
vectors of two classes. The large margin, obtained in the
training set, usually indicates that the underlying feature is
discriminative. If the underlying feature is not discriminative,
the margin is usually small. So we use the margin to measure
the discriminative power of each base feature. These margins
then serve as rough guide to MKL when learning each base
feature’s weight.
By dimensionally normalizing RBF kernels, MCMKL
eliminates the influence of the feature dimension difference in
multiple modalities. Then, the optimal high dimensional space
H of each base feature from different modalities corresponds to
similar kernel parameter. Therefore, MCMKL is able to utilize
the maximum discriminative power of all feature types from
multiple modalities.
Unlike conventional MKL method, our proposed MCMKL
is able to learn the most discriminative base features while still
considering other base features, which are less discriminative,
but can potentially provide complementary information. We
apply MCMKL method on affect recognition from multiple
modalities (e.g. both face and body gesture). The extensive
experimental results on the FABO (Face and Body Gesture)
facial expression database [9] demonstrate the effectiveness of
the proposed method for multi-modal feature fusion.
II.

MARGIN-CONSTRAINED MULTIPLE KERNEL LEARNING

A. Multiple Kernel Learning
Given a set of base features and their associated base
kernels Kk, we want to find the optimal kernel combination Kopt
= ∑k dk*Kk, where dk is the weight for the kth base feature. The
kernel combination Kopt approximates the best trade-off
between the discriminative power and the invariance for a
specific application.
Equations (1) to (3) show the objective cost function f and
its constraints for the multiple-kernel learning (MKL) proposed
in [18].
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where Φ( xi ) is the combined features corresponding to Kopt in
a high dimensional space for sample xi, which is shown in Eq.
(4). Equivalently, Kopt can be expressed in Eq. (5), where
th
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The optimization can be carried out in a SVM framework
subject to additional regularization term of weight dk in the
objective function.
In order to handle large scale problems involving many base
kernels, the minimax optimization strategy [5, 13, 18] is used
in two iteration steps. In the first step, feature weight dk is
fixed, i.e., Kopt = ∑k dk*Kk is fixed. Then, the optimization
problem of Eq. (1) can be solved by any standard SVM solver
using its dual form as in Eq. (6) since the term ∑k σkdk is
simply a constant.
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In the second iteration step with the fixed αi, projected
gradient descent is employed to find updated feature weights
dk as shown in Eqs. (8) and (9).
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These two iteration steps are repeated until converge or the
maximum number of iterations is reached. The final weights of
base features can be determined.
Then we train SVM classifiers using the optimal combined
kernel according the final weights of base features. The class
label of a new sample x may be determined by the sign of Eq.
(10).
g ( x) = ∑ ∂ i yi ∑ d k K k ( si , x) + b
i

(10)
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where si is the support vector. The multi-class problem can be
solved by “one vs. one” or “one vs. all” strategy similar to
SVM.
MKL method provides an elegant framework to fuse many
base features by assigning larger feature weight to the most
discriminative base feature. Compared to the direct
concatenation method, MKL can avoid the contamination from
less discriminative base features, especially when those
features have large dimensions.
However, MKL method tends to select very few base
features from the feature pool. It often only selects one or two
base features, which are discriminative at a particular high
dimensional space H. Moreover, the kernel parameter

associated with the optimal high dimensional space H may be
significantly different for the base features from different
modalities. Therefore, traditional MKL cannot utilize the
maximum discriminative power of each base feature at the
same time.
B. Margin Constraints
To address these issues, we propose a Margin-Constrained
Multiple Kernel Learning (MCMKL) method. This is
motivated by the observations that base feature which is more
discriminative usually finds a hyper-plane with larger margin to
separate support vectors of opposite classes during training of
SVM machines. A hyper-plane of base feature “a” in Figure
1(a) has a larger margin than that of base feature “b” in Figure
1(b) to separate the class of solid dot from the class of triangle.
This suggests that the base feature “a” is more discriminative
than the base feature “b” for the classification of the solid dot
and the triangle class.

where n is a parameter that controls the margin sensitivity on
the feature weight ratio between dk and ds. As n increases, the
values of LBk and UBk become more sensitive to the ratio of
mk and ms. δ is a constant to control the range width of the
feature weight dk. In our experiments, we set n to 1.5 and δ to
1.
C. Dimensionally Normalized Kernel
Gaussian RBF kernel is one of the most popular non-linear
kernels due to its excellent performance in numerous
applications. It is defined in Eq. (14).
D
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where xi and xj are the ith sample and the jth sample along with
xi,q and xj,q as the qth element in a feature vector. D is the
sample’s feature dimension.
γ is the RBF kernel parameter, which determines the
mapping from a low dimensional feature space L to a high
dimensional space H.

(a)
(b)
Figure 1: (a) The hyper-plane of base feature “a” has a large
separation margin to separate solid dot class and triangle class; (b)
The hyper-plane of base feature “b” has a small margin to
separate solid dot class and triangle class.

Therefore, the separation margin for each base feature in its
high dimensional space provides a rough measurement on the
base feature’s discriminative power. Nevertheless, these rough
measurements can effectively guide MKL when searching for
the optimal feature combination. The separation margin for
each base feature can be calculated using Eq. (11) as the
inversed square root of its own objective cost function.
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After obtaining the separation margin mk for each base
feature, we select one of the base feature as the reference base
feature, which has the feature weight of ds and the margin ms.
The weight dk of kth base feature is constrained in the range,
which has the lower bound of LBk and the upper bound of UBk
according to the margin ratio between ms and mk during
training. LBk and UBk can be calculated as in Eq. (13). The
additional weight constraints in Eq. (12) are enforced during
the multiple-kernel learning.
LBk ≤ d k ≤ UBk
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In MKL fusion, base features from different modalities
may have significantly different feature dimensions, which will
result very different optimal γ values for each base feature.
Therefore, MKL cannot utilize the maximum discriminative
power of all base features from different modalities at the same
time.
We can treat γ as a feature selection parameter in MKL,
which select only few base features at a time. This intuition
also explains the observations reported in [18] that MKL tends
to select only very few most discriminative base features.
Therefore, MKL cannot take the full advantages of all types of
features from multiple modalities.
Based on these observations, we propose a dimensionally
normalized RBF kernel (DNRBF) which is defined in Eq. (15).
K ( xi , x j ) = exp(−
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This normalization step is essential to eliminate the effect
of feature dimension on γ selection, so that all base features
have a similar optimal γ. Therefore, MCMKL can utilize the
maximum discriminative power of all base features from
multiple modalities.
III.
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Assuming that feature vectors xi and xj have been properly
normalized between 0 and 1 along each feature dimension [4],
the kernel value decreases when the feature dimension
increases at a fixed γ as shown in Eq. (14). Hence, Eq. (14)
suggests the inverse relationship between the optimal γ and the
feature dimension. This intuition is confirmed in our
experiments, which will be analyzed in Section 4.

MULTI-MODAL FUSION FOR AFFECT RECOGNITION

Affect recognition from multiple modalities is a challenging
problem. Our study focuses on fusion of features from visual
modalities, i.e., face and body gesture modality.

Different from conventional approaches to fuse features
from multiple modalities, which simply concatenate all feature
vectors from different sources together and feed the
concatenated feature vector into a classifier, such as SVM, we
apply a margin-constrained multiple-kernel learning
(MCMKL) method to fuse features from both face and body
gesture modalities. MCMKL can effectively combine all types
of features for affect recognition by assigning an appropriate
feature weight to each type of features and calculate the
optimal kernel for affect recognition.
A. Overview of MCMKL-based Affect Recognition
Figure 2 shows an overview of our affect recognition
system, which consists of five major parts, i.e., facial feature
extraction, body gesture feature extraction, expression temporal
segmentation, temporal normalization, and MCMKL-based
classification.
Two types of facial features, i.e., Image-HOG and MHIHOG [6] are extracted in our experiments. Here, HOG stands
for Histogram of Gradients [8], and MHI stands for Motion
History Image [2, 17]. Image-HOG features capture facial
appearance changes, while MHI-HOG features represent facial
motion information.
Four types of gesture features are extracted, which include
location features, motion area features, Image-HOG features,
and MHI-HOG features around both hands.
Each expression in video sequences can be first temporally
segmented into onset, apex, offset and neutral phases [6]. Then,
we perform a temporal normalization procedure to handle
different temporal resolutions of expressions. Finally MCMKL
method is employed to find the optimal feature combination
and recognize affects.
B. Facial Features
Active Shape Model [7, 20] is first applied to track 53 facial
landmark points including brows, eyes, nose, mouth, and face
contour, as shown in Figure 3(a). Then we locate the
corresponding positions of the facial points in the Motion
History Image (MHI), as shown in Figure 3(b).
The next step is to extract Image-HOG and MHI-HOG
features on original video frames and the corresponding MHI
images respectively.

We use 48 by 48 pixels patches with the number of
orientation bin equals to 6 and 8 for the Image-HOG and the
MHI-HOG features respectively. The MHI image captures
motion information of each selected facial point, while the
original video frame conveys the appearance information.
Finally, we concatenate the Image-HOG descriptor of all the 53
facial points and apply Principal Component Analysis (PCA) to
reduce the feature dimension of the concatenated Image-HOG
feature from 2862 to 40. Similarly, we can obtain the MHIHOG descriptor for the corresponding frame and reduce the
feature dimension of the concatenated MHI-HOG from 3816
down to 40 for each frame.

(a)

(b)

Figure 3: (a) Facial landmark points tracking; (b) Motion
History Image.

C. Body Gesture Features
To extract body gesture features, we first track both hands
and head in an expression video. The head position is simply
the center point of the facial points from the ASM model (see
Figure 4(b)). To track hands, we apply a skin color detection
[11] followed by the removal of the face regions, which has
already been tracked by the ASM model as shown in Figure
4(a) and 4(b).

(a)
(b)
(c)
Figure 4: (a) skin color detection; (b) head and hand position in the
original video frame; (c) head and hand positions in the MHI image.

In addition to the positions of head and hands, we also
calculate the motion areas (e.g. the numbers of motion pixels in
MHI image) within the detected regions of head and hands.
Figure 4(c) shows the head and hand regions in a MHI image.
We further extract Image-HOG and MHI-HOG features in
hand regions by uniformly sampling interest points. Then a bag
of words representation with the codebook size of 80 is used to
describe the distribution of Image-HOG and MHI-HOG
features of hand regions. Finally, we perform PCA to reduce
their feature dimensions.
D. Temporal Segmentation
An expression is a sequence of facial movements which can
be roughly described by neutral, onset, apex and offset
temporal segments.

Figure 2: The overview of our proposed MCMKL-based multimodal fusion for affect recognition through both face and body
gestures.

Figure 5: temporal segmentation of an expression video.

Figure 5 shows a sample of the ground truth temporal
segmentation of an expression video. The temporal
segmentation procedure is necessary to accurately model the
expression dynamics, which has been proven crucial for facial
behavior interpretation [14]. In our experiments, we simply use
the ground truth temporal segmentation and the affect
recognition is performed on the complete expression cycle, i.e.,
onset, apex and offset.
E. Temporal Normalization
In general, the temporal resolution of an expression is
generally different when performed by different people. Even
same expression performed by same person at a different time,
the temporal resolution may not be the same. In order to
resolve this time resolution issue in expression videos, we
adopt the temporal normalization approach by normalizing all
types of features over a complete expression cycle.
The temporal normalization over an expression cycle can
be easily implemented by linear interpolation over frame’s
feature vector along the temporal direction.
F. MCMKL Based Multi-Modal Feature Fusion
Features from multiple modalities may have different
forms. Therefore dimensions of different types of features may
vary significantly. Our proposed margin-constrained multiple
kernel learning (MCMKL) method can effectively fuse all base
features from different modalities, i.e., face and body gesture
modality, by assigning a feature weight to each base feature.
We concatenate the Image-HOG and the MHI-HOG of
facial points as one base feature, i.e., the face feature. The other
four base features are from the gesture channel, i.e., location,
motion area, and both hands’ Image-HOG and MHI-HOG
features. Using the margin of each individual base feature as a
guide, along with the DNRBF to synchronize the optimal
kernel parameter, the MCMKL learns the optimal combined
kernel by selecting a proper weight for each base feature during
the fusion.

number of videos used in our experiment is 255 and each video
has 2 to 4 complete expression cycles.
We randomly divide the videos into three subsets. Two
subsets are used in training and the remaining subset is used in
testing. No same video appears in both training and testing. But
same subject may appear in both training and testing due to the
random selection process.

Figure 6: sample video in FABO database recorded by body (top)
and face (bottom) camera;

B. Comparison to Existing Work and MKL
In order to evaluate the effectiveness of the proposed
MCMKL fusion method, we compare it to the most recent
work on the FABO database [6] by using same features, and
same training and testing dataset. We further compare
MCMKL with MKL method. The performance of the
comparison is displayed in Figure 7.
The five base features are used in our experiments, which
include face feature, location feature, motion area feature,
Image-HOG and MHI-HOG feature of both hands. The face
feature is the concatenation of the Image-HOG and the MHIHOG from the face modality. The Table 1 shows the
corresponding feature dimension for each base feature. These
base features are fused through the concatenation, MKL, and
MCMKL methods.
Table 1: The feature dimension for each base feature, i.e., Face,
Loc (location), MA (motion area), Img-HOG (Image-HOG from
gesture), and MHI-HOG (from gesture).
Base
Face
Loc MA Img-HOG MHI-HOG
Feature
Dimension

2400

180

90

120

30

For our multi-classes application, we choose one vs. one
classification, and then using the maximum voting scheme to
label testing samples.
IV.

EXPERIMENTS

A. Experimental Setups
We use a bi-modal face and body gesture database, i.e.,
FABO database in our experiments [9]. The database is
collected using two cameras, i.e., one for face and one for body
gesture in a laboratory environment. A sample video is shown
in Figure 6. However, we only employ the videos captured by
the body camera to extract features for both modalities, since
the videos from the body camera already contain both face and
body gesture information.
After removing the categories in the database with very
small number of samples, there are 8 expression categories, i.e.,
“Anger”, “Anxiety”, “Boredom”, “Disgust”, “Fear”,
“Happiness”, “Puzzlement”, and “Uncertainty”. The total

Figure 7: The average performance of the top 12 ranks by
sweeping kernel parameter log2(γ) from -15 to 8 for each of the
three methods, i.e., concatenation (cvpr4HB’11), MKL, and
MCMKL.

To make a fair comparison, we sweep kernel parameter
log2(γ) from -15 to 8, and select the top 12 performances for
each fusion method. Then we rank these 12 performances by a
descending order of their accuracy. We repeat same experiment

for three different subsets and the average performances are
reported in Figure 7. Figure 8 shows more details of the rank 1
comparison, i.e., the comparison of the best performances for
the three fusion methods: MCMKL, MKL, and direct feature
concatenation (cvpr4HB’11).
MCMKL outperforms the other two methods over all the
top 12 ranks, as shown in Figure 7. If we look at the rank 1
comparison in Figure 8, we can see that the proposed MCMKL
achieves better performance than the concatenation method.
Note that the five base features have been carefully selected,
and the parameters, e.g., PCA projection dimensions etc. are
also carefully chosen for the concatenation fusion method in
[6]. On the other hand, MCMKL effectively select those
feature vectors, and it can still outperform the concatenation
fusion method by the average of 1.3%.

(a)

(b)

Figure 8: (a) The best average performance by sweeping
kernel parameter log2(γ) from -15 to 8 for each fusion
method, i.e., cvpr4HB’11, MKL, and MCMKL; (b) The best
performance of the three fusion method in three different
testing subsets.

Our proposed MCMKL outperforms traditional MKL
method by an average recognition rate of 5.7% on these base
features, as shown in Figure 8(a). Figure 8(b) shows the
performance comparison over three different testing subsets.
C. Evaluate Feature Weight Distribution
In this section we verify that our proposed MCMKL is
more effective than MKL to incorporate less discriminative
features, which provide complementary information to the base
features with the maximum discriminative power. We select
the kernel parameter γ of 2-15 for MKL and 2-1 for MCMKL
method, which yield the best performance for MKL and
MCMKL method respectively.
Since we choose one vs. one strategy for our multi-class
expression classification, the total number of models we need
Cn
to train is 2 , where n is the total number of expression
classes in the dataset. Therefore, we have trained 28 models for
8 categories of expressions, in which each model contains one
set of feature weights for the base features, i.e., face, location
(loc), motion area (MA), and both hands’ Image-HOG
(imgHOG) and MHI-HOG (mhiHOG) features. Then we take
the mean feature weight of the 28 models over each base
feature, followed by the proper normalization.
Figure 9 shows the distribution of average feature weights
over the 5 base feature types for MKL and MCMKL method.
As expected, MKL selects only the most discriminative base
feature, i.e., face feature. More specifically, it assigns more
than 98% of the total feature weights to the face feature. The

MKL method ignores all the gesture features, i.e., location, and
motion area etc., even though these gesture features have been
proven to provide complementary information to the face
feature [6].
As shown in Figure 9, the proposed MCMKL obtains a
more reasonable feature weight distribution. Similar to MKL
methods, it recognizes the face feature as the most
discriminative base feature by assigning the largest feature
weight of 48%. At the same time, it also incorporates other less
discriminative gesture features according to their discriminative
power.

Figure 9: Comparing the average feature weight distribution of
the 5 base features, i.e., face, location (loc), motion area (MA),
and both hands’ Image-HOG (imgHOG) and MHI-HOG
(mhiHOG) features, for MKL and MCMKL methods.

Figure 9 has verified the effectiveness of the proposed
margin constraints and the dimensionally normalized RBF
kernel (DNRBF). It is obvious that the additional constraints on
the feature weights according to the separation margin of each
base feature can enforce the model to assign small weights to
the less discriminative base features. However, it may not be
intuitive how the DNRBF contribute to a more reasonable
feature weight assignment.

Figure 10: The effect of feature dimension of three base features
over the selection of the optimal RBF kernel parameter γ.

Before we provide such intuition, we examine the
relationship between the optimal γ value and feature dimension
experimentally. We select three base features, i.e., facial
point’s MHI-HOG, the facial point’s Image-HOG and the
location feature. Then we manually vary the PCA dimension of
the Image-HOG and the MHI-HOG, or the number of
normalization frames of the location feature, so that their
feature dimensions can be gradually increased. Then we use
SVM’s 5-fold cross validation to find out the optimal kernel
parameter γ for each of the three base features at the selected
feature dimension. Figure 10 has suggested the inverse
relationship between the optimal γ value and the feature
dimension, which has verified our analysis in section 2.
In the experiments of the last section, the most
discriminative feature, i.e., the face feature, has the optimal γ of
2-15. Since other less discriminative gesture feature has much

smaller feature dimension as we can see from Table 1. Their
optimal γ value is much larger. Therefore, at the γ of 2-15, the
other gesture features has almost no discriminative power since
their optimal γ values are very far away from 2-15. Therefore,
MKL method assigns almost zero feature weights to other
gesture features.
After we perform the dimensionally normalization as in Eq.
(15). The optimal γ values become very close for different base
features regardless the differences of their feature dimensions.
Therefore, MCMKL can utilize the maximum discriminative
power of all base features at the same time. That is another
reason why MCMKL method can incorporate other less
discriminative base features, which provide complementary
information.
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