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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. 
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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 margin-
constrained 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 )( ixΦ 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 

)()( jkik xx ΦΦ ⋅ forms the kth base kernel Kk.          
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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). 

bxsKdyxg
i

ik
k

kii +∂= ∑ ∑ ),()(                                        (10) 

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. 

 
 
 
 
 
 
 
 
 
 
 
 

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.  
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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). 
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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. 

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. 

 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). 
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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. 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. 

              
(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. 



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 MHI-
HOG [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 MHI-
HOG descriptor for the corresponding frame and reduce the 
feature dimension of the concatenated MHI-HOG from 3816 
down to 40 for each frame. 

 

 

 

 

 

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). 

 

 

 

 

 

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 multi-
modal fusion for affect recognition through both face and body 
gestures. 

        
             (a)                                       (b) 

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

             
(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.  

        
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. 

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 

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. 

 

 

 

 

 

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 MHI-
HOG 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. 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

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 

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

       
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.

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 
Feature 

Face Loc MA Img-HOG MHI-HOG 

Dimension 2400 180 90 120 30 



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%. 

 

 

 

 

 

 

 

 

 

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 

to train is 
nC2 , 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 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. 

 

 

 

 

 

 

 

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 

   
                 (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. 

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

 
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. 



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. 

D. Contamination from Less Discriminative Features 
In this section, we examine the contamination from the less 

discriminative base features, particularly those with large 
feature dimensions. From the feature weight distribution in 
Figure 9, we know that the Image-HOG and MHI-HOG of 
hands are the least discriminative features. So we intentionally 
increase their feature dimension to 1200 by including more 
PCA dimensions. At the same time, we also decrease the 
dimension of the most discriminative feature, i.e., the face 
feature, down to 90. Now, we also sweep kernel parameter 
log2(γ) and select the top 10 performances for each fusion 
method, i.e., concatenation, MKL, and MCMKL. Then we rank 
these 10 performances by the descending order of their 
accuracy. The experimental results are shown in Figure 11. 

We observe that the rank 1 result of the MCMKL method 
outperforms the concatenation fusion method by almost 10%, 
which indicate that MCMKL method is more effective to shield 
the contamination from the less discriminative base features, as 
compared with the concatenation fusion method. 

V. CONCLUSION 
In this paper, we have proposed a margin-constrained 

multiple-kernel learning (MCMKL) method which extends the 
multiple-kernel learning (MKL) method by constraining 
feature weight range according to the separation margin of each 
base feature. The dimensionally normalized RBF kernel 
(DNRBF) is also proposed and employed in MCMKL in order 
to fuse the features from multiple modalities, which is possible 
to have very different feature dimensions. Our experimental 
results demonstrate favorable results as compared to the state-
of-the-art results on the FABO database. We also demonstrate 
the significant improvement as compared to the conventional 
MKL method. 
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Figure 11: The average performance of the top 10 ranks by 
sweeping kernel parameter γ for each of the three methods, i.e., 
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<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /CMB10
    /Cmb10
    /CMBSY10
    /Cmbsy10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /Cmbx10
    /CMBX12
    /Cmbx12
    /CMBX5
    /Cmbx5
    /CMBX6
    /Cmbx6
    /CMBX7
    /Cmbx7
    /CMBX8
    /Cmbx8
    /CMBX9
    /Cmbx9
    /CMBXSL10
    /Cmbxsl10
    /CMBXTI10
    /Cmbxti10
    /CMCSC10
    /Cmcsc10
    /CMCSC8
    /Cmcsc8
    /CMCSC9
    /Cmcsc9
    /CMDUNH10
    /Cmdunh10
    /CMEX10
    /Cmex10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /Cmff10
    /CMFI10
    /Cmfi10
    /CMFIB8
    /Cmfib8
    /CMINCH
    /Cminch
    /CMITT10
    /Cmitt10
    /CMMI10
    /Cmmi10
    /CMMI12
    /Cmmi12
    /CMMI5
    /Cmmi5
    /CMMI6
    /Cmmi6
    /CMMI7
    /Cmmi7
    /CMMI8
    /Cmmi8
    /CMMI9
    /Cmmi9
    /CMMIB10
    /Cmmib10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /Cmr10
    /CMR12
    /Cmr12
    /CMR17
    /Cmr17
    /CMR5
    /Cmr5
    /CMR6
    /Cmr6
    /CMR7
    /Cmr7
    /CMR8
    /Cmr8
    /CMR9
    /Cmr9
    /CMSL10
    /Cmsl10
    /CMSL12
    /Cmsl12
    /CMSL8
    /Cmsl8
    /CMSL9
    /Cmsl9
    /CMSLTT10
    /Cmsltt10
    /CMSS10
    /Cmss10
    /CMSS12
    /Cmss12
    /CMSS17
    /Cmss17
    /CMSS8
    /Cmss8
    /CMSS9
    /Cmss9
    /CMSSBX10
    /Cmssbx10
    /CMSSDC10
    /Cmssdc10
    /CMSSI10
    /Cmssi10
    /CMSSI12
    /Cmssi12
    /CMSSI17
    /Cmssi17
    /CMSSI8
    /Cmssi8
    /CMSSI9
    /Cmssi9
    /CMSSQ8
    /Cmssq8
    /CMSSQI8
    /Cmssqi8
    /CMSY10
    /Cmsy10
    /CMSY5
    /Cmsy5
    /CMSY6
    /Cmsy6
    /CMSY7
    /Cmsy7
    /CMSY8
    /Cmsy8
    /CMSY9
    /Cmsy9
    /CMTCSC10
    /Cmtcsc10
    /CMTEX10
    /Cmtex10
    /CMTEX8
    /Cmtex8
    /CMTEX9
    /Cmtex9
    /CMTI10
    /Cmti10
    /CMTI12
    /Cmti12
    /CMTI7
    /Cmti7
    /CMTI8
    /Cmti8
    /CMTI9
    /Cmti9
    /CMTT10
    /Cmtt10
    /CMTT12
    /Cmtt12
    /CMTT8
    /Cmtt8
    /CMTT9
    /Cmtt9
    /CMU10
    /Cmu10
    /CMVTT10
    /Cmvtt10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomDGR-Bold
    /NimbusRomDGR-BoldItal
    /NimbusRomDGR-Regu
    /NimbusRomDGR-ReguItal
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


