
Multimedia Evidence Fusion for Video Concept 
Detection via OWA Operator 

Li Ming1, 2, 3 Zheng Yan-Tao3 Lin Shou-Xun1 Zhang Yong-Dong1 Chua Tat-Seng3 

 
1Key Laboratory of Intelligent Information Processing, ICT, CAS, Beijing, China 100190 
2Department of Computer Science, National University of Singapore, Singapore 117543 

3Graduate School of the Chinese Academy of Sciences, Beijing, China 100039 
1{mli, sxlin, zhyd}@ict.ac.cn, 3{yantaozheng, chuats}@comp.nus.edu.sg 

Abstract. We present a novel multi-modal evidence fusion method for high-
level feature (HLF) detection in videos. The uni-modal features, such as color 
histogram, transcript texts, etc, tend to capture different aspects of HLFs and 
hence share complementariness and redundancy in modeling the contents of 
such HLFs. We argue that such inter-relation are key to effective multi-modal 
fusion. Here, we formulate the fusion as a multi-criteria group decision making 
task, in which the uni-modal detectors are coordinated for a consensus final 
detection decision, based on their inter-relations. Specifically, we mine the 
complementariness and redundancy inter-relation of uni-modal detectors using 
the Ordered Weighted Average (OWA) operator. The ‘or-ness’ measure in 
OWA models the inter-relation of uni-modal detectors as combination of pure 
complementariness and pure redundancy. The resulting weights of OWA can 
then yield a consensus fusion, by optimally leveraging the decisions of uni-
modal detectors. The experiments on TRECVID 07 dataset show that the 
proposed OWA aggregation operator can significantly outperform other fusion 
methods, by achieving a state-of-art MAP of 0.132. 
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1   Introduction 

The multi-modal and multimedia nature of video demands the judicious use of all 
information channels, such as visual, textual, acoustic, etc, to analyze its semantic 
content [1] [2] [3]. It is intuitive that the use of more information channels tends to 
deliver better performance than a single information channel. In the task of high-level 
feature (HLF) extraction in video, most state-of-arts systems [4] [5] adopt a multi-
modal multi-feature framework to exploit multimedia evidences from different 
channels. The widely used multi-modal evidence fusion schemes can be generally 
classified into 2 types: early-fusion and late-fusion. 

Early-fusion is the scheme that integrates uni-modal features before learning the 
video concepts. Though early-fusion is straightforward, it usually does not work well. 
This is so because the features of different modalities are not isomorphic. They tend 
to possess different dimensionality, representation form and measurement space. It is 



thus not reasonable to simply concatenate them into a common feature space. 
Moreover, the higher dimensionality caused by concatenation will worsen the 
scarceness of training data and curse of dimensionality. In fact, the early-fusion is 
more suitable for fusing raw data within single type of feature, such as to capture 
spatial information with different granularity, i.e. fusing grid-based visual features 
and image-based visual feature of same type. 

In contrast to early-fusion, late-fusion first reduces uni-modal features to separately 
learned concept detection decisions and then integrates them to the final detection 
decision [6]. The late-fusion has been reported to outperform early fusions 
significantly [6]. The major criticism for late-fusion is its loss of linear correlation of 
multi-modal features. However, when the features come from completely different 
modalities or channels, their linear correlation becomes less critical. Instead, the 
complementariness and redundancy of individual uni-modal detectors are the key to 
effective fusion. 

Hence, we need to develop a principled method to fuse the outputs of uni-modal 
detectors to form a final consensus detection decision. From this perspective, the 
multi-modal fusion can be regarded as a multi-criterion group decision making 
problem (GMD) [7], in which the group of uni-modal detectors should be 
consolidated synergically towards the common task. We therefore formulate the 
multi-modal fusion as an information aggregation task in the framework of group 
decision making (GMD) problem. Specifically, we employ the Ordered Weighted 
Average (OWA) operator to aggregate the group of decisions by uni-modal detectors, 
as it has been reported to be an effective solution for GMD problem [10]. Compared 
to existing fusion methods, the major advantage of OWA is that its ‘or-ness’ measure 
can explicitly reflect the complementariness and redundancy interrelation of uni-
modal detectors, in between either a pure ‘and-like’ or a pure ‘or-like’ manner. Our 
main contributions are twofold: (a) we formulate the multi-modal fusion as a group 
decision making problem (GMD); (b) we employ the OWA operators to consolidate 
the uni-modal detections by mining their complementariness and redundancy inter-
relations. Experiments on TRECVID 07 dataset show that the proposed approach can 
significantly outperform other fusion methods. 

2   Related Work 

Our proposed fusion method belongs to late-fusion scheme, as it manipulates the 
outputs of uni-modal detectors. There are mainly two types of late-fusion schemes. 
The first views the late-fusion problem from the perspective of statistical machine 
learning. It regards the learned outputs of uni-modal detectors as input for another 
layer of statistical learning. For example, Snoek et al. [6] employed SVM to fuse the 
output of individual classifier on each set of uni-modal features. Though it has been 
reported to deliver outstanding performance [6], it has the following disadvantages: 
(a) it often requires extensive parameter tuning and model selection for the additional 
round of statistical machine learning; and (b) the possibility of over fitting in the 
supervised learning process limits its generalization ability. 



The second type considers late-fusion as an information aggregation task, from the 
perspective of Information Theory. The fusion now aims to maximize the aggregated 
information by assigning proper weights to individual information channels. The 
examples include heuristic fusions like Weighted Average and Adaboost; and non-
heuristic fusions like Maximum (Max), Minimum (Min) and Average [12] scheme. 
The major drawbacks of non-heuristic fusion methods are that they are not adaptive to 
different aggregation problems; and they may not converge well or the converged 
result may be local rather than global optimum. 

Similar to the aforementioned fusion schemes, our proposed fusion belongs to the 
second type. However, different from the fusion methods above, our proposed OWA 
based fusion provides a general approach of parameterized decision aggregation, with 
an efficient global optimal weight vector searching strategy. To our best knowledge, 
this is also the first approach to investigate the inter-relations of uni-modal detectors, 
from the perspective of Information Theory. 

3   OWA-Based Multi-Model Fusion 

For each shot, a set of uni-modal features 1{ }n
i i=x  are first extracted from n different 

modalities 1{ }
i

n
i=M , such as visual, auditory and text. The decision function T , such 

as Support Vector Machine, is then applied on each uni-modal to yield a separately 
learned concept score ( )i ia T= x , and [0,1]ia ∈ . Our target now is to apply the OWA 
operator to learn the complementariness and redundancy of the group of uni-modal 
detection scores 1{ }n

i ia =  to yield a consensus final detection score. 
The inter-relation of uni-modal detectors has two extreme cases: (a) complete 

redundancy; and (b) complete complementariness. In the case of complete 
redundancy, all uni-modal detectors contribute similarly on the given HLF detection 
task. This implies the final detection decision is positive, only if all the detectors 
deliver positive decisions. In this scenario, these detectors actually share an and-like 
inter-relation. In the case of complete complementariness, the uni-modal detectors 
perform differently on the given detection task. This means that the final decision can 
be positive, if one of the detectors yields positive decisions. In this case, the detectors 
share an or-like inter-relation. Our argument is that the inter-relation of detectors lies 
somewhere in between these two extremes. The OWA operator is exploited to 
discover 

3.1 OWA Aggregation Operator 

An OWA operator is a mapping : nF →\ \  from n uni-modal detection decisions to 
one final detection decision with a weight vector 1( , , )T

nW w w= "  subjects to 

1 1,0 1, 1, ,n iw w w i n+ + = ≤ ≤ =" "  (1) 

and such that 
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where ia is the decision from uni-modal feature ix  and 
i

b  is the ith largest element 
of the aggregated decision 1{ , , }na a" . Note that the re-ordering step is a critical 
aspect of OWA operator, in which ia  is not associated with a particular weight iw , 
but rather a weight iw  is associated with a particular ordered position 

i
b of ia . 

Yager [8] introduced two characterizing measures associated with the weight 
vector W of an OWA operator. The first one is the measure of ‘or-ness’ of the 
aggregation operator and is defined as: 

1

1( ) ( )
1

n

i
i

orness W n i w
n =

= −
− ∑  (3) 

 
The orness measures how much the aggregation associated with vector W is like 

“OR” aggregation operator. When [1 0 0 ... ]W = , then ( ) 1orness W =  and the final 
decision 1( , , ) MAX( )n iF a a a=… . This shows a complete redundancy inter-relation of 
uni-modal detectors, as the fusion only takes into account the decision of largest 
value. In contrast, when [0 0 ...1]W = , ( ) 0orness W =  and the final decision 

1( , , ) MIN( )n iF a a a=… .  This shows a complete redundancy inter-relation, as the 
fusion only takes into account the uni-modal decision of small value. Intuitively, Max 
is a pure “OR” operator and Min is a pure “AND”, which are the two extreme 
conditions of information aggregation [8]. Obviously Max, Min and Average are 
special cases of OWA aggregation operator with certain weight vector. 

The second measure in OWA is the ‘dispersion’ (entropy) of the aggregation 
operator. It is defined as: 

1

( ) ln
n

i i
i

dispersion W w w
=

= −∑  (4) 

It measures how much information is taken into account in the aggregation. We 
can also derive the dispersions of Max, Min and Average aggregation operators; i.e. 0, 
0 and ln n , respectively. The dispersion is actually a Shannon entropy of weights. In a 
certain sense, the more disperse W  is, the more information about the individual 
detection decisoin is being used in the aggregation of OWA operator [8]. 

4 Optimal OWA Weight Learning 

4.1 Orness-Dispersion Space (OD-space) 

Intuitively, the optimal weights can be obtained by performing grid search in the n-
dimension weight vector space, where n is the number of uni-modal concept detection 



decisions to aggregate. Such simple grid search is, however, proved to be 
computationally intractable, due to the high dimensionality of weight vector space [8]. 

Fortunately, it is found that the weight vectors with similar Orness and dispersion 
values are of similar aggregating performance [8]. Thus we can transform the search 
space from n-dimensional weight vector space into a 2 dimensional OWA OD-space. 
Given 

( )orness W α= , ( )dispersion W β=  (5) 

 
To derive W  subjects to Eqn (5) is equivalent to solving the following problem: 

1

1
( ) ,0 1

1

n

i
i

n i w
n

α α
=

− = ≤ ≤
−
∑  

1

ln ,0 ln
n

i i
i

w w nβ β
=

− = < <∑  

1

1,0 1
n

i i
i

w w
=

= ≤ ≤∑  

(6) 

4.2 Orness/ Dispersion Max-space  

As Eqn(6) cannot be solved analytically, we exploit some approximation to transform 
it into a optimization problem, which has many existing solutions, such as Lagrange 
multipliers. Here, we consider mainly two kinds of optimization formulation to solve 
for weights W. 

First, we can optimize the variability by maximizing the dispersion or minimizing 
the variance of the weights while keeping the Orness at a fixed level [9]. 

Maximize 
1

1
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The second solution is to maximize the Orness, while keeping the dispersion at a 

fixed level [10]. 

Maximize 
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Both optimization formulations above are trying to transform the 2-dimension OD-

space into 1-dimension maximum line space (Max-space). Although the mapping is 



not a full cover of the OD-space, Max-spaces are the most significant sub-spaces of it. 
In Orness Max-space modeled by Eqn (7), the weights of different dispersion are 
given with maximal Orness which means the operator is as disjunctive as possible 
using at least certain percentage of available information [9]. In Dispersion Max-
space represented by Eqn (8), the weights of different Orness are given with maximal 
dispersion which means most individual criteria are being used in the aggregation that 
gives more robustness [10]. Both Eqn (7) and Eqn (8) are optimal problems which can 
be analytically solved using Lagrange multipliers. The results are optimal (maximal 
or minimal) Orness (or dispersion) weight vectors of different dispersions (or Orness). 
The weight vectors with different Orness and dispersion are evaluated in the cross-
validation set and the one that gives the highest precision is chosen to be the OWA 
aggregation operator’s weight vector. 

 
 

( )nO m 2( )O m (2 )O m

 

Figure 1. Search space complexity comparison among different spaces 

4.3 Theoretic Analysis of OWA  

Figure 1 compares the search space complexity among different weight vector search 
spaces. As shown, by transforming the search for optimal weights into an 
optimization task, the complexity of OWA learning is greatly reduced from n-
dimension weight vector space ( )nO m  to Orness/dispersion max-space (2 )O m  
where m is the number of sampling points in one dimension. Besides, given a fixed 
Orness (dispersion), the first component of OWA weights vector can be calculated by 
solving an equation and others can be simply generated from the first component [10]. 
The complexity of OWA learning is linear to the training dataset, while SVM based 
fusion has a learning complexity of 3( )O N , due to the convex quadratic 
programming (QP) formulation of SVM. The Max, Min and Average are non-
heuristic fusions that don’t need training process. However, their performance is 
worse than that of the OWA fusion, which will be shown in next section. 



5 Experiment and Results 

5.1 Testing Dataset and Experimental Setup 

We evaluate the proposed OWA-based fusion on TRECVID 07 dataset [11]. The 
TRECVID 2007 dataset comprises 100 hours of documentary video with ~40, 000 
key frames. The dataset is equally divided into development and test sets, with each 
containing approximately 50 hours and around 20,000 key frames. In our 
experiments, we use the 20 semantic concepts listed in Figure 2 used in the 
TRECVID 07 valuation [11]. 

We further split the development set into 70% for training and 30% for validation. 
The training set is used to train the SVM detectors for individual uni-modal features; 
while the validation set is used to train the various fusion methods. For simplicity, we 
use a keyframe to represent a shot and extract 6 types of features from the keyframe 
of each shot. They are color correlogram (CC), color histogram (CH), color moment 
(CM), edge histogram (EH), texture co-occurrence (TC) and wavelet texture (WT). 
For CM, we compute the first 3 moments of RGB color channels over 5 ×5 grids to 
form a 225D feature vector. For WT, we divide a key frame into 4 × 3 grids and 
compute the variance in 9 Haar wavelet sub-bands for each grid. This gives rise to a 
108D feature vector for a keyframe. The evaluation criteria is the mean average 
precision (MAP), which is the mean of average precision (AP) of each concept. 

Table 1. MAPs of each uni-modal feature set 

Feature CC CH CM EH TC WT 
MAP 0.082 00065 0.084 0.082 0.028 0.033 

 

Table 2. MAP of various fusion models 

Fusion OWA SVM Adaboost Max 
(OR) 

Min 
(AND) Average 

MAP 0.132 0.122 0.064 0.088 0.075 0.12 

5.2 Experiments and Discussion 

We first perform SVM-based concept detection on each uni-modal feature. The cost 
and gamma parameters of SVM are set, based on cross validation. Table 1 shows the 
MAP of each feature set. Based on the individual concept scores of uni-modal 
detector, we apply the OWA operator to learn the optimal weights for ordered concept 
scores. As shown in Table 2, OWA achieves the best MAP of 0.132, which is 
substantially higher than that of all uni-modal detectors. This demonstrates that 
different features do complement each other and the proper fusion of decisions of all 
uni-modal concept detectors can yield a much more satisfactory detection 
performance. 
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Figure 2. MAP of each concepts by OWA and Average fusion respectively. 

Next, we compare OWA-based fusion with 5 commonly used late-fusion methods: 
SVM, Adaboost, Max, Min and Average. The SVM-based fusion is to take uni-modal 
detection score as input and yield a final detection decision in a supervised learning 
process. The Max fusion is a specialization of OWA fusion. It takes the maximum 
detection score of all uni-modal features as the final detection score, which is 
effectively a pure OR operator on the group of uni-modal detection decisions. The 
Min fusion is also a specialization of OWA fusion. It takes the minimum detection 
score of all uni-modal features as the final detection score, which is effectively a pure 
AND function. Average fusion is to take the mean of all uni-modal detection scores as 
the final detection score. 

Table 2 lists the MAP of these 5 fusion methods. As shown, the Max and Min 
fusions do not yield good detection performance over uni-modal detectors. This is so 
because these two fusion schemes over-simplify the inter-relation among different 
features as either complete complementariness (pure OR inter-relation) or complete 
redundancy (pure AND inter-relation). On the other hand, the Average fusion gives a 
better MAP of 0.12, which demonstrates that the inter-relation between different 
features lies between the pure complementariness and pure redundancy. That the best 
MAP is achieved with OWA fusion, which demonstrates that OWA is effective to 
learn the inter-relations of different uni-modal features. We also observe that the 
SVM based fusion achieves an MAP of 0.122, which is much lower in performance 
than that of OWA but comparable to Average fusion. However, considering the 
expensive learning process of SVM with little improvement in performance over the 
simple Average fusion, the SVM based fusion is not cost-effective. 

In order to capture a clearer view on the performance of OWA fusion, we examine 
the fusion performance on each concept. Figure 2, shows the MAP of Average and 
OWA fusion for each concept. We observe that OWA outperforms the Average 
fusion in 17 out of 20 concepts. Of the 3 concepts that Average fusion outperforming 
OWA fusion, we found that the number of positive training samples in these concept 
classes are too small. These 3 concepts have an average of 613 positive samples, 
while the average number of samples for all concepts is 1591. This is one reason why 
OWA, which is essentially a supervised learning process, might yield unaccurate 
results.  



Table 3. MAP of various fusion models 

 OWA [4] [5] [12] 
MAP 0.132 0.1311 0.099 0.098 

 
 
Benchmark on TRECVID 07: We compare our system with other reported 

systems. Table 3 tabulates the MAPs of the top performing systems in TRECVID 
2007. As shown, the proposed approach based on OWA outperforms most of the 
existing systems, and delivers a comparable result with the best reported system [4], 
which however exploited a computationally expensive Multi-Label Multi-Feature 
learning process [4]. 

6 Conclusion And Future Work 

We have proposed a multi-modal fusion method for HLF detection in video. By 
exploiting the OWA operator, we mine the inter-relation of uni-modal detectors and 
then coordinate them with averaging weights to yield a final consensus detection 
decision. The experiments on TRECVID 07 showed that the OWA based fusion can 
outperform other fusion method, such as SVM, Adaboost, with statistically significant 
improvements. 

Several issues remain open. First, we do not exploit other subspaces, such as 
Variance Min-space, for weight learning. Though this does not improve learning 
efficiency, it does give a different perspective to learn OWA weights. Second, the 
Bayesian formulation can be incorporated to learn the weights in a probabilistic 
manner. 
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