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Efficient Heuristic Methods for Multimodal Fusion
and Concept Fusion in Video Concept Detection

Jie Geng, Zhenjiang Miao, Member, IEEE, and Xiao-Ping Zhang, Senior Member, IEEE

Abstract—Semantic models are widely used to bridge the
semantic gap between low-level features and high-level features in
video concept indexing. Multimodal fusion and concept fusion are
two commonly used approaches in building semantic models.
In the previous work, domain adaptation is neglected in
multimodal fusion, and many probability maximization based
and unsupervised concept fusion methods are counterintuitive
since they do not incorporate subjective human intuition. In this
paper, we present a new two-stage semantic model combining
the multimodal fusion and the concept fusion incorporating
human heuristics. In the multimodal fusion model, we employ
a new generic unsupervised method, namely, domain adaptive
linear combination (DALC), to update the linear combination
(LC) weights by incorporating the differences of element distri-
butions between training and testing domains. In the concept
fusion model, a novel mechanical node equilibrium (NE) model
is developed by using forces to model the concept correlations to
update the score of concepts represented by nodes. It is intuitive
and can incorporate multiple kinds of correlations simultaneously
to construct more sophisticated semantic structure. Compared to
other state-of-the-art supervised and unsupervised methods, the
new model can use either unsupervised or supervised factors to
significantly improve the mean inferred average precision (MAP)
performance on all datasets.
Index Terms—Concept fusion, domain adaption, multimodal fu-

sion, video concept indexing.

I. INTRODUCTION

V IDEOS can be easily obtained, stored and shared. How-
ever, lacking descriptions or keywords makes it difficult

to manage and retrieve videos in huge amount. Therefore, con-
tent-based semantic video indexing has attracted many atten-
tions [1]. A crucial challenge of semantic video indexing is

Manuscript received May 29, 2014; revised November 24, 2014; accepted
January 18, 2015. Date of publication January 29, 2015; date of current
version March 13, 2015. This work was supported by the NSFC under
Grant 6127327461370127, the 973 Program under Grant 2011CB302203,
the National Key Technology R&D Program of China under Grant
2012BAH01F03, Grant NSFB4123104, Grant FRFCU 2014JBZ004, and
Grant Z131110001913143, the Tsinghua-Tencent Joint Laboratory for IIT, and
the Natural Sciences and Engineering Research Council of Canada (NSERC)
under Grant RGPIN239031. The associate editor coordinating the review of
this manuscript and approving it for publication was Prof. K. Selcuk Candan.
J. Geng and Z. Miao are with the Institute of Information Science, Beijing

Jiaotong University, Beijing 100044, China (e-mail: 08112073@bjtu.edu.cn;
zjmiao@bjtu.edu.cn).
X.-P. Zhang is with the Department of Electrical and Computer Engineering,

Ryerson University, Toronto, ON M5B 2K3, Canada (e-mail: xzhang@
ee.ryerson.ca).
Color versions of one or more of the figures in this paper are available online

at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TMM.2015.2398195

Fig. 1. Two-stage semantic model containing the multimodal fusion and the
concept fusion model.

the “semantic gap” between low-level features (color, texture,
etc.) and high-level features (concepts) [2]. A commonly used
method is to build a semanticmodel to add semantic information
to the concept detection model. Multimodal fusion and concept
fusion models are two main stages in many semantic models
though they may have different combination forms [3]–[7]. The
two models, designed to simulate different aspects of human
cognition, closely interrelate with each other. A general concept
indexing system using a two-stage semantic model is shown
in Fig. 1. Multimodal fusion incorporates multiple modalities
such as color, motion and audio to analyze diverse aspects of
the video information structure. Concept fusion constructs a se-
mantic model by digging and combining the correlations among
the defined video concepts to enhance the precision of the se-
mantic structure.
Differences widely existed in different datasets for image

retrieval, video classification and object recognition [8]–[10].
The training and testing datasets usually belong to different
“domains” which cause performance decrease to the detection
model [8]. In the video concept detection field, the solution
is bringing in a domain adaptation model to adapt the dif-
ferences. However, most existing methods add the domain
adaptation model into the concept detection module [11]–[13].
The adaptation of the multimodal fusion is neglected, while
multiple modalities perform discriminatively in different kinds
of dataset. For example, audio features are very important in
news broadcasting but not necessary in the sport shows with
background music. Color information is crucial for many con-
sumer videos but not useful in old documentaries. The fusion
strategy should be refined for each different domain.
On concept fusion, many concept fusion models are based

on probability maximization such as graphical model based
methods–factor graph [4], binary space partitioning tree [14],
semantic diffusion (SD) [12], [13] and conditional random
field [15], [16], etc. These graphical models are designed to
handle the correlation with fixed types, mostly co-occurrence
correlations. They may not be able to handle other types of
correlations such as hierarchical correlations, because different
graphical structures are needed to handle different types of
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correlation. And they may have difficulties to handle temporal
correlations because each video has its own structure. Besides,
these existing methods are not intuitive to explain the change of
each detection score because they do not incorporate the prior
knowledge of human cognition.
A new two-stage semantic model including multimodal fu-

sion and concept fusion separately for the video concept in-
dexing incorporating human heuristics is presented as follows.
For multimodal fusion, a new domain adaptive linear combi-

nation (DALC) model is developed. It is a general multimodal
fusion method. We use an unsupervised adaptation method
based on the correlation between domain elements and linear
combination (LC) parameters. We use a histogram to repre-
sent the correlation by counting the angles between element
vectors and the parameter vector in a multimodal space. As an
unsupervised method, the new DALC method does not require
pseudo-labels of new data and can utilize the entire data in the
new domain without expensive label computing. The adapta-
tion is based on the relationship between two histograms of the
training and testing domains. It is efficient to adapt parameters
for domains with huge data amount.
For concept fusion, we present a novel framework called node

equilibrium (NE) model, inspired by a mechanical model. In the
NE model, concepts are represented by nodes and their scores
are represented by node positions. Different correlations are
modeled as different kinds of forces. These forces drive nodes
representing concepts away their original position and therefore
updating the scores of those concepts. Finally, the dynamic node
system reaches an equilibrium state. Compared with existing
methods, this model can incorporate multiple types of concept
correlations simultaneously to capture sophisticated semantic
structures. In this model, three correlations: the co-occurrence,
the hierarchical and the temporal correlation are used based on
simulating different human observations. In this way, different
pieces of prior knowledge are incorporated into different se-
mantic structures using the NE model.
The new two-stage semantic model is tested on TRECVid

2005-2010 datasets [17]. By incorporating the domain adap-
tation process, the DALC model performs better than several
common used multimodal fusion strategies. By employing the
unsupervised NE model, the mean inferred average precision
(MAP) on most datasets improves more than 20%. The NE
model is able to use supervised or unsupervised constraining
factors depending on whether we have the labeled validation
dataset. Using supervised constraining factors can achieve even
better performance. Besides, the DALC uses a greedy searching
strategy and the NE does not need iterative training, this se-
mantic model is faster than existing methods.

II. RELATED WORKS

A. Multimodal Fusion
The multimodal fusion (MF) techniques exist in diverse re-

search areas [18]. A class of fusion methods called early fusion
combines various modalities to generate new modalities by in-
corporating the latent correlated information. It is implemented
within the feature space in the early stage of multimedia anal-
ysis. Feature concatenation and feature space transformation are

often used in early fusion, such as codebooks [19] and manifold
structure [20]. They concatenate features into a high-dimension
feature space. However, these feature concatenation methods
are inflexible to incorporate newmodalities with different forms
and feature spaces because they are rule-based. Later fusion
is another class of methods where the detectors trained inde-
pendently for the modalities are combined to obtain a compre-
hensive prediction. Usually, it is implemented by combining
likelihoods or scores from the detectors. Discriminative model
fusion (DMF) is used in [21] based on user-defined semantic
score space models. Joint boosting, containing re-classification
or boosting classification, is used in [3]. The disadvantage of
later fusion is the information loss when transforming features
to scores. However, the uniform parameter space allows later
fusion to use many simple and effective strategies, such as LC
[5], [22], [23]. We are still unable to assert the fusion method of
which class is better [24].
Note that nearly all these methods have fixed parameters

learned from the training domain. In many cases, testing
data may belong to different domains with the training data,
leading to the poor performance of those fix parameter fusion
models for the new data [11]. Currently, domain adaptation is
not considered in many existing multimodal fusion methods.
A selectable fusion scheme based on the four categorized
query-class is presented in [25]. However, these classes are still
insufficient to deal with diverse new domains. Efficient domain
adaptation methods are desired. Some ideas such as adjusting
the detector compositions [11] and pseudo-labels of the new
data [20] require information about the probable classes or
labels of the new data. When the number of elements in the
new domain is huge, it is expensive to compute these labels for
the entire dataset.

B. Concept Fusion
To improve the performance of content-based image annota-

tion [26], scene classification [27], object recognition [16] and
video indexing [28], [4] in the circumstances of performance-
limited detectors, contextual information are commonly used.
In video concept detection, it is crucial to consider the com-
plicated correlations among these video concepts. For example,
“actress” implies “people”, “outdoor” excludes “indoor”, or one
concept may present in several continuous shots. The correla-
tions contain semantic information that can be used to improve
the accuracy of concept detectors.
Existing concept fusion models mainly use feature concate-

nation, detector transformation or score revision models. Fea-
ture concatenation models aim at finding concept correlations
by digging the latent concatenation among features such as po-
sition, topology and movement. A three-layer multi-instance
learning (MIL) model is used in [29]. The region context is used
to combine conceptual and topology relations in [30]. These
methods are usually based on the region segmentation and re-
quire huge amount of labeled training data to build either a re-
gion thesaurus or a precise region-topology map.
Detector transformation models combine or transform indi-

vidual detectors preliminary trained for each single concept, to
construct new related fusion detectors. Smith et al. transform
the outputs of original detectors to a vector space [28]. A context
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Fig. 2. Framework of the two-stage semantic model.

space derived from the detector clustering is used in [31] and the
detector mutual information is used in [32]. These models re-
quire sufficient labeled training data for different detector com-
binations and large scale concept definitions, and need to be re-
trained when new concepts are added to the lexicon.
The score revision model is used to update primary scores

of the original individual detectors by rule-based strategies or
probability statistics methods, also called post-filtering [33]. In
supervised methods, graphical model based probability maxi-
mization plays important roles [4], [12]–[16]. They focus on
finding the maximum matching probability of the current de-
tection results and the defined graph model. In unsupervised
methods, the re-ranking is developed by re-ordering the rank list
of the detected concepts. The re-order is based on the mutually
correlated pseudo labels [7] or ranking functions [34] derived
from the concept correlations. Besides, based on similarity em-
bedding of correlations, matrix factorization is implemented to
refine the “noisy” score matrix [35]; a logical rule based co-oc-
currence correlation refining paradigm are proposed in [33]. The
mainly advantage of re-ranking is no extra learning is needed.

III. FRAMEWORK OF THE NEW TWO-STAGE SEMANTIC MODEL

This two-stage semantic model is constructed on score-level,
and the multimodal fusion and concept fusion are based on the
original scores derived from the pre-trained detectors such as
support vector machines (SVMs). Note that while similar two-
stage structures exist [3], [4], [6], the domain adaptation multi-
modal fusion and the mechanical node system are unique in our
new model.
Fig. 2 shows the framework of the new model. First, a video

concept ontology is built, containing the concept lexicon and
concept correlations. Three kinds of correlations are used:
co-occurrence correlations, hierarchical correlations and tem-
poral correlations, denoted by , and , respectively.
For concept in the lexicon, shot in a testing video and
modality , we can obtain an original score through the
pre-trained multimodal detectors. Stage 1 is the multimodal
fusion model where the multimodal original score set
are fused to the primary score for concept and shot using
the domain adaption method. Stage 2 is concept fusion where
three kinds of correlations are used in the NE model where the
primary score are updated to the final score . This whole
semantic model belongs to the score revision model. The two
stages correspond to the DALC model and the NE model which
will be elaborated in Sections IV and V, respectively.

Fig. 3. Parameter trained by domain does not fit domain well. We
need to use domain adaptation process to estimate a better value to fit

based on the guidance of the correlation between and .

IV. A NEW DOMAIN ADAPTIVE LINER COMBINATION MODEL

A. Problem Formulation for Multimodal Fusion
The multimodal fusion model is developed based on the

widely used LC. It has several advantages: a) low computation
cost, b) easy to update parameters, and c) easy to extend for
new coming modalities. For concepts in the lexicon, shots
in a video and modalities for each shot, is the original
multimodal score of concept , shot and modality . Based
on the LC model, we can compute the fused primary score
using

(1)

where is a multimodal score column vector and is a
weight column vector, whose element is the associated

weight and . Each shot is considered an indepen-
dent unit in the multimodal fusion process.
A domain represents an identical type of the data (web

videos, consumer videos or broadcast news videos) or a
consistent source that the dataset are collected (news videos
from BBC, ABC or CCTV) [12], [9]. The training data and
testing data usually belong to different domains. Generally,
we have a training domain containing the training data with
labels to train the weight . In other words, a correlation

is built based on the ground-truth information of
domain . Similarly for new domain , if we have labels, we
can also build a ground-truth based correlation .
However, there is no label for or it is too expensive to com-
pute the pseudo-labels. Hence, we need to find an estimated
value to build an estimation based correlation

. The automatic domain adaptation is to estimate the
best based on the known correlation structure . Hence,
the criterion of domain adaptation is defined as

(2)

where is a distance measure. It means we use
as a guidance to find an optimal to fit domain . A 2-D
example is shown in Fig. 3 where is built between and
domain . If we directly utilize in a new domain , the
correlation between and is deviated from . The domain
adaptation is to find a to estimate a better correlation

based on the guidance of .
Note that the definitions of the correlation function and

the distance measure are not unique. The correlation function
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Fig. 4. LC is represented as the projection of the data vector to the weight
vector . These projection angles are normalized and counted to represent the
correlation in domain .

should capture the character of the multimodal fusion model
to the maximum extent.

B. Model Definition
With the domain adaptation criterion defined in Eq. (2), we

need to define the correlation function and the
distance measure based on the LC model.
The correlation function is not unique but it should reflect

the interrelation between domain elements and weight param-
eters. As shown in Fig. 4, the axis represents the score of
modality . Three modalities can be represented by a 3-D mul-
timodal space. Each element from domain can be repre-
sented by a vector marked as blue and the whole domain be-
comes a vector set. Similarly, the parameter is represented
by a vector along the line marked as red. In the space, the linear
combination represents the projection from the data vector
to the line of . The length of the projected vector is the pri-
mary score marked as green.
Note that is determined by the included angle and the

length . However, is just a scale factor. So it is appro-
priate to use the distribution of in the entire domain to define
the correlation between and , i.e., the correlation function

. First, the cosine transformation is used to normalize the an-
gles. The normalized angle for in domain is defined
as

(3)

We use to represent the entire set of in domain . Then,
a histogram is constructed to represent the data distribution in

, i.e., the histogram is used to represent the correlation .
So

(4)

where means putting the elements of into a his-
togram with bins within ; is the bin count of domain
. And now becomes an -bin histogram. Here we use the

scaled Scott’s rule [36] to determine ,
where and are the sample size and standard devia-
tion of , respectively, is a scale factor. A small leads to
more histogram bins which will increase the computation cost
of , while a large leads to a coarse histogram. Sup-
pose we already have the evaluated weight , we can also get
the histogram . The two histograms are com-
puted independently, so the bin numbers are usually different.

Now, the distance in Eq. (2) becomes the distance
of two histograms. Many measures, such as K-L Distance,
Statics and Quadratic-form distance, etc. can be used. We adopt
the earth movers distance (EMD) [37] since it has shown good
performance for similarity comparison on image and video clips
[37], [38]. Besides, it is not sensitive to the bin boundary and
size.

C. Domain Adaptation
According to Eq. (2), the domain adaptation is to look for

an evaluated weight to minimize the distance between
and , i.e., the distance of two histograms and

. We use to initialize . Then local search
is conducted in the -dimension space to update itera-
tively. The steepest ascent hill climbing algorithm [39] based
on a greedy algorithm is selected for its simplicity and conver-
gence speed. It can achieve the local optimal value more quickly
with a few iterations. The DALC algorithm is described in the
Algorithm 1 where denote for simplicity.

Algorithm 1: DALC

Require: , ,
1: Set ;
2: Compute and ; ;
3: Adjusting the dimension of , find the fastest

decreasing direction for ;
4: if then
5: go to step 9.
6: else
7: Along the direction of , find which minimize ;

update , go to step 2.
8: end if
9: return

V. A NOVEL NE MODEL FOR CONCEPT FUSION

A. Video Concept Ontology Building
Concept ontology is widely used to construct a fusion model

or languagemodel [3], [6], [32], [40]. In ourmodel, the ontology
is composed of a concept lexicon and multiple kinds of correla-
tion definitions. The concept lexicon is defined by Columbia374
[41] containing 374 concepts.
Inter-concept correlations reveal the semantic structures exist

among the concept lexicons, and temporal correlations describe
the temporal relationship among the video shots. Co-occurrence
correlations and hierarchical correlations belong to the inter-
concept correlations. Simple examples of these correlations are
shown in Fig. 5.
Co-Occurrence Correlations: The most commonly used cor-

relations, defined as the co-existence probability of every pair
of concepts in the same shot. In a lexicon with concepts, the
co-occurrence correlation can be represented by an ma-
trix whose element is the correlation between concepts
and . In general, is a symmetric matrix. Many methods can
be used to compute this correlation, such as mutual information
[32], [7], chi-square value [14] and Pearson product moment
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Fig. 5. Simple examples of the three kinds of correlations: (a) co-occurrence,
(b) hierarchical, and (c) temporal.

(PM) correlation [12], [31], [42]. We use the PM correlation be-
cause it can be either positive or negative to indicate that two
concepts are mutual inclusive or exclusive.
Given a development set with label , whose element

represents the label of shot for concept ; means that
the concept is present and absent. The PM correlation
between concept and is defined as

(5)

where is the shot amount of , and are the mean
and standard deviation of concept , respectively. Note that

, and .
Note that in the matrix computed by the PM correlation,

nearly 80% correlations are negative and most correlations are
close to zero due to insufficient training data. In practice, the
correlations around zero show rather poor performance. These
correlations close to zero are considered as”noise correlations”
which are excluded using the threshold . So the co-occur-
rence correlation matrix is defined as

if
else

(6)

We set to 0.25 and as a result 99% correlations are excluded
in practice.
Hierarchical Correlations: It is an important kind of corre-

lation existed in human cognition system. Some models create
hierarchical correlations through linguistic clustering such as
wordNet [6] and Asium [43]. The hierarchical correlation is al-
ways captured with the co-occurrence correlation. It means that
a hierarchical correlation always leads to a high co-occurrence
correlation in practice. However, a high co-occurrence correla-
tion does not imply a hierarchical correlation. For example, con-
cept “water” and “boat” may always appear simultaneously, but
they only have co-occurrence correlation. It is desirable that we
can distinguish hierarchical correlations from general co-occur-
rence correlations. Note that linguist knowledge is often needed
to separate parents and their children given the co-occurrence
correlations between them. For example, we discover that hier-
archical correlation exist between “plant” and “tree”. We still
need to know which the parent is. Hence, constructing hierar-
chical correlations from co-occurrence correlations automati-
cally is unreliable. To obtain more precise hierarchical corre-
lations, we construct it manually as in [44], [32]. Similar to the

co-occurrence correlations, the hierarchical correlations are
represented by an binary matrix where means
concept is the children of concept .
Temporal Correlations: The adjacent video shots usually

have strong relationship. For example, if a concept is present
in the current shot, it may also be present in the next several
shots. These connections make these shots as “story context”,
a significant part of the semantic structure. In our ontology,
temporal correlations are also represented as matrix where
correlations exist between every shot pair.
Different from the fixed form of inter-concept correlations,

temporal correlations are video-dependent because each video
has its own temporal structure. Suppose there are shots in a
video. We use a matrix to represent the temporal correla-
tions whose element is the correlation between shots
and , where and are shot temporal indices; is defined as

(7)

where it is composed of the temporal interval distance
and the feature distance , defined as

(8)

(9)

where is the time interval between shot and , is
an adjustable variance factor to control the Gaussian function,

is the number of modalities and is the feature vector of
the -th modality. The temporal interval distance repre-
sents the weaker correlation between two shots when they have
further temporal distance, feature distance is determined
by Euclidean distance of the of feature vectors in each modality.
Here is a symmetric matrix as .

B. Problem Formulation for Concept Fusion

After multimodal fusion, a set of primary scores are obtained.
However, these primary scores are still independent without se-
mantic contextual information among them. In the concept fu-
sion model (CF), the primary scores are updated by incorpo-
rating multiple correlations defined in the ontology.
However, using concept correlations to refine the primary

scores is a subjective problem. We introduce a novel heuristic
mechanical-based NE model to solve it. Each concept in the
lexicon is regarded as a physical node and the correlations be-
tween concepts are represented by the correlations among cor-
responding nodes. Then, each primary score is regarded as
node in a specific position determined by . An example
is shown in Fig. 6. The concept fusion process is to update the
positions of these nodes using the correlations.
We model each type of correlations as a type of forces which

pull or push the nodes (concepts) with respect to their original
positions to increase or decrease their scores. For different cor-
relations , and , we define different forces ,
and based on the characters of these correlations observed
by human. In the new NE model, all the forces are balanced
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Fig. 6. In the NE model, the concepts are represented physical nodes; the pri-
mary scores are represented as the original positions of the nodes. The model is
to update their positions based on the correlations in the ontology.

Fig. 7. When the correlation between node and is 0.5, the co-occur-
rence force will pull the two nodes closer. And when it is , will
push them farther from each other.

and every node is at an equilibrium position. The equilibrium
process is represented as

(10)

where the final score is obtained from the equilibrium state.

C. The Node Model Building
Co-Occurrence Correlation Modeling: A strong co-occur-

rence correlation implies two concepts (nodes) likely appear si-
multaneously in a shot, i.e., they have similar ranking scores
in the retrieval system. Now with the co-occurrence correlation

we illustrate our observation using two nodes in Fig. 7 where
and are two nodes in shot . When the correlation is

zero, two nodes are independent. If the correlation rises to 0.5,
the scores of two nodes will get closer to increase the probability
of co-existence. On the other hand, if the correlation becomes

, two nodes will get farther from each other because they
are mutual exclusive. The high score of a node infers the low
score of another node. It seems like that there is a force working
between node and when is given. When the corre-
lation is positive, it is an attractive force to pull the two nodes
closer, and when negative, it is a repulsive force to push them
farther.
Now we need to determine the intensity of the force. When

, first if is high which indicate two nodes are strongly
correlated, the attractive force should be stronger. Second, if
two nodes are far away from each other, the attractive force
should also be stronger to pull them together. And if they are
very close, the attractive force will be weaker. Therefore, the
force should be proportional to and the relative distance be-
tween two nodes. This structure is similar to a spring used to

connect two nodes: when the spring is stretched, the force be-
comes stronger. Mathematically the co-occurrence force
that effect on is defined as

(11)

where is a scale factor to control the intensity of the
co-occurrence force. On the other hand, when , the re-
pulsive force should also be proportional to and it is stronger
when two nodes are closer to force them leave each other. Sim-
ilarly, the repulsive force is similar to a compressed spring be-
tween two nodes: when the spring is compressed, the force also
becomes stronger. Hence

(12)
where is the sign function to guarantee the direction of
the repulsive forces because they are determined by the relative
position of the two nodes as in Fig. 7. The forces are directional
and mutual, i.e., . When the relative distance of
two nodes is 1, the repulsive force will be zero.
Hierarchical Correlation Modeling: All properties of parent

concepts are inherited by child concepts. The appearance of a
child concept indicates the appearance of a parent concept and
should enhance the score of the parent concept. For example, the
concept “Tree” implies the concept “Plant”. If a parent concept
has more than one child concepts, its score will be influenced
by all of its children. The score of the parent node should be
increased according to the scores of its children based on the
hierarchical correlations . For , the hierarchical force
derived from its child nodes is defined as

(13)

where is the set of child concepts of concept ,
is the element count of the set and is the

scale factor to control the intensity of the hierarchical force.
Temporal Correlation Modeling: A high correlation score

between two shots means that they have similar content, i.e.,
if a concept appears in the current shot, it may also appear in
another shot highly correlated with the current shot. Therefore,
though the temporal correlation is defined between two shots, it
can be used to represent the correlation of every concept in the
two shots.
The temporal correlation connecting two nodes in different

shots is similar to that based on the co-occurrence correlation.
As defined in Eq. (8), the temporal correlations are always pos-
itive. Hence, the temporal force that node have on
node is defined as

(14)

where is the scale factor for temporal correlations. Note
that the temporal force is directional and .
Move Cost: The forces defined for three kinds of correlations

push a node away from its original position as in Fig. 8. We
introduce another force called “move cost”, assigned for each
node when it moves away from its original position. This force
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Fig. 8. Move cost is a force pointing to the original position of . It is
proportional to the displacement .

always points to the original position of the node to pull it back
and it is proportional to the displacement of the node . The
move cost of is defined as

(15)

where is the displacement of , is a constraining
factor. Factor represents the easiness that the score of con-
cept can be changed. The larger is , the harder can score
be changed. This factor provides flexibility to personalize each
concept. If we do not want to change the score of concept , we
can assign a higher value to . We can also determine the best
using supervised learning. If we have no prior knowledge, we

can assign the same constraining factor to each concept for
simplicity and generalization. In the experiments, we will com-
pare performances of the learning-based and the identically
assigned .

D. The NE Process

Once the correlations are determined, the associated forces
are assigned to these nodes to move them to a new position.
The mechanical node system becomes a dynamic network. Be-
cause of the move cost, the whole node system will reach an
equilibrium state. In this state, all the forces are balanced with
the move costs. It means that all correlations have exerted their
influence upon the nodes. The new position of each node at the
equilibrium state represents the new score of each concept.
NE Upon the Inter-Concept Correlations: First we illustrate

the NE process upon inter-concept correlations, i.e., co-occur-
rence and hierarchical correlations. If the whole node system
is at an equilibrium state, all the forces must be balanced. So

upon co-occurrence and hierarchical correlations, when is
balanced, the equilibrium equation Eq. (10) becomes

(16)

For convenience, we separate into and , repre-
senting the positive and negative part, respectively, and they sat-
isfy . Then, Eq. (16) is expanded as Eq. (17),
shown at the bottom of the page. It should be noted that we use

rather than because the direc-
tion of the repulsive forces is determined by the primary scores
rather than the new scores. This assumption prevents the re-
pulsive forces from changing directions during nodes moving.
Because , we can get Eq. (18), shown at
the bottom of the page, where . Eq. (18) is
a non-homogeneous linear equation describing the equilibrium
status of . For the nodes in a video, we can get
non-homogeneous equations though each shot is independent.
If we use matrices and to represent the displace-
ment and the primary scores of the entire nodes, respectively,
in a video, the equation can be rewritten in the matrix form as
Eq. (19), shown at the bottom of the next page, where is an

diagonal matrix, , and are
diagonal matrices. Solving using matrix operations, we can
obtain the new score of the balanced node system.
If for , and .
NE Upon All Correlations: When temporal correlations are

added to the model, all shots in the video are integrated to build
a larger dynamic node network. With additional temporal cor-
relations, the equilibrium equation of node becomes

(20)

A set of non-homogeneous linear equations can be obtained
after expanding Eq. (20). The equations in the matrix form can
be written as Eq. (21), shown at the bottom of the next page,
where is a diagonal matrix. Eq. (21) is a Sylvester
equation with the form . To solve , we can

(17)

(18)
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TABLE I
DATASET INTRODUCTION FROM TRECVID 2005 TO 2010

TABLE II
MODALITIES PROVIDED IN EACH DATASET AND THE ORIGINAL MAP PERFORMANCE OF THEM

use Hessenberg-Schur method [45]. The NE algorithm is con-
trolled by the scale factors , , and the variance of
the temporal interval distance in Eq. (8). Note that other kinds
of correlations can also be used if it can be modeled as forces
based on the human observation. Diagonal matrix represents
the constraining factor of each concept. If all the concepts are
set to the same factor , becomes the identity matrix .

VI. EXPERIMENTAL RESULTS

A. Dataset Preparation
The datasets are from the High-Level feature extraction tasks

of TRECVid (Tv) 2005-2010. They have been scored by three
score groups, Columbia374, Vireo374 and CU-Vireo374 [41],
[46], [47]. Table I shows a brief introduction of the datasets
where shot is regarded as the basic concept detect unit. 374 con-
cepts are defined in Tv 05-09 and 130 are defined in Tv 10.
The number of the evaluated concepts in each dataset is deter-
mined by the intersection of TRECVid and each score group,
because the ground truths are provided by each year’s TRECVid
evaluation.
Four datasets, Tv 05-07 from Columbia374 and Tv 08 from

CU-Video374, provide the scores of multiple modalities and
other datasets only provide the fused scores. The four datasets

are shown in Table II. In Columbia374, three modalities are
used, Edge Direction Histogram (EDH), Gabor Texture (GBR)
and Grid Color Moment in LUV space (GCM). CU-Vireo374
includes the three modalities in Columbia374 and three addi-
tional ones, Bag-of-Visual-Words (BOW), Grid Color Moment
in Lab space (GCM2) and Grid-based Wavelet Texture (GWT).

B. Evaluation of the DALC Model

Performance Evaluation: We use the four datasets in
Table II to evaluate the performance of the DALC model. Note
that other datasets do not contain multimodal data and therefore
are not used in the multimodal fusion evaluation. First, the
original performances of individual modality based on the
individual concept score provided by the database are shown
in Table II. The performance measure is mean inferred average
precision (MAP) [48], an official measurement in TRECVid
and widely used in information retrieval. We can see that these
modalities work discriminatively in different datasets. For
example, the MAP of GCM is twice as much as EDH in Tv 06
but they are nearly same in Tv 07. The EDH performs better
than GBR in Tv 06 and Tv 07, but worse in Tv 05 and Tv 08.
It is obvious that a parameter fixed multimodal fusion model is
not beneficial for diverse domains or datasets.

(19)

(21)
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TABLE III
MAP PERFORMANCE COMPARISON AMONG THE COMMONLY

USED MULTIMODAL FUSION METHODS

TABLE IV
IMPROVEMENT OF EACH INDIVIDUAL CONCEPT IN TV 06

Next, we compare the domain adaptive linear combination
(DALC) with several commonly used decision level fusion
methods in Table III. We use the sum rule as the baseline as
shown in Table III. It sums the scores or likelihoods of all
modalities. Usually, the sum rule generates better results than
most of individual modality. CombMNZ [49] is a data fusion
method frequently used in information retrieval. It considers
not only the summation of multiple search systems (here
means the multiple modalities), but also the ranked list. Linear
weighted product (LWP) [28] is a fusion method similar to LC.
The weights are used as exponents for each modality and the
fusion result is derived by the product of them. The weights
of LWP and LC are optimized using traditional Hill Climbing
with the training dataset from Tv 05 labeled by Columbia 374.
There is no obvious distinction between CombMNZ

and Sum, because both are empirical fusion methods.
Learning-based algorithms LWP and LC perform similarly
and significantly better than CombMNZ and Sum. Note that
DALC performs best because it incorporates the domain adap-
tive information. In Table IV we compare the performance of
each individual concept in Tv 06 using LC and DALC. We
can see improvement in fifteen of the twenty concepts. The
performances of seven concepts are decreased when we use
LC model, and six of them are improved when we use DALC
except “Waterscape”. The concepts with performance decrease
may be caused by the differences between training and testing
domains. The new adapted fusion method reduces the domain
differences.
Parameter Analysis: In DALC, a small leads to more his-

togram bins and increases the computation, while a large leads
to a coarse histogram. In Fig. 9, we evaluate the performance im-
pact of the DALC model with different values of . In Fig. 9(a),
we show that the relationship between bin count and the value
of is a reciprocal function. Taking into account the computa-
tion complexity of EMD is where is the number

Fig. 9. (a) Relationship between bin count and the values of . (b) MAP vari-
ations of the DALC model with different values of .

of bins in the histogram, we should avoid choosing a small .
In Fig. 9(b), we show that the MAP variation with different
values of . There are fluctuations on the MAP performance. It
is caused by the fixed search step in the DALC algorithm. The
greedy-based searching with fixed search step can obtain suffi-
ciently good results with relatively low computation cost. The
experimental results on several datasets show that the MAP per-
formance is relatively stable with value between 10 and 20.
We set during the performance evaluations stated in
Section VI-B1. We also show the MAP of LC model and the
original scores in Fig. 9(b). It can be seen that DALC performs
almost always better than LCmodel, because the EMD is robust
to the bin boundary and size.

C. Evaluation of the NE Model

Performance Evaluation: This section only tests the NE
model without the multimodal fusion process. For the dataset
with multiple modalities, the sum rule is used.
We evaluate the NE model on entire datasets based on two

kinds of constraining factor definitions, i.e., identically assigned
(IA) and learning based (LB). Identically assigned fac-

tors (IA) mean that every is set to 1 because there is no
prior knowledge. Learning based factors (LB) use gradient de-
cent searching based on the fully labeled development set of
TRECVid 2005. Table V shows the detailed results of single
co-occurrence (C), hierarchical (H), temporal (T) correlations
and their combinations , and based
on IA. Note that without extra learning, all three correlations
improve the MAP performance except the co-occurrence cor-
relation on Tv 10. Combinations of different correlations, such
as and , give better performance than each single
one, and has the best performance. The NE model
can be easily extended to other new types of correlations. It is
reasonable to assume that incorporating more new types of cor-
relations achieves better performance. It can be seen that super-
vised learning based constraining factors can achieve even
better performance than unsupervised IAmethods. However, IA
is more common because we usually do not have enough labels
for large scale concept definitions. Besides, it does not need the
time-consuming training.
NE Model Analysis: The analyses for the NE model are con-

ducted based on single type of correlations using Identically As-
signed (IA) on Tv 06 from Vireo374, shown in Fig. 10.
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TABLE V
MAP PERFORMANCE OF NE MODEL

Fig. 10. Evaluation of each single kind of correlations on Tv 06 from Vireo374; (a) and (b) correspond to co-occurrence, (c) and (d) correspond to hierarchical,
and (e) and (f) correspond to temporal. The top and bottom rows of figures show the average score and the inferred AP comparison upon the influenced concepts,
respectively.

Co-Occurrence Correlation: In Fig. 10, we show that the av-
erage scores [Fig. 10(a)] and the inferred Average Precision
(AP) [Fig. 10(b)] of the 20 evaluated concepts before and after
NE process with the co-occurrence correlation. The numbers
in Fig. 10(a) represent the number of other concepts that the
specific concept correlates to. The score of a concept may in-
crease or decrease depending on the concepts it correlates to.
The APs of most concepts are improved except tiny decrease on
“Animal” and “Car” after the NE process. Since the scores of
some independent concepts do not change, they are not shown
in Fig. 10(b).
Hierarchical Correlation: Fig. 10(c) shows the average

scores of these concepts before and after the NE with only
hierarchical correlations. And the number is the count of child
concepts of each parent concept. We can see that the score of
the concept with children are increased. The increment has
little relationship with the count of children since it is based
on the average score of the children. Fig. 10(d) shows the AP
comparison of nine parent concepts. After the NE process, the
APs of most concepts are increased or unchanged, and only
“Chart” is slightly decreased.
Temporal Correlation: The temporal correlation is video-de-

pendent. Hence, Fig. 10(e) shows the scores of concept “Sports”
in a specific video clip with 20 continuous shots before and
after the NE process with temporal correlation only. It is clear
that the NE process decreases the score gap of the concept in

Fig. 11. (a) The MAP variation with different parameter values used individu-
ally. (b) The MAP variation with the joint distribution of and ( ).

two adjacent shots, constructing a “story” context in a video
clip. Fig. 10(f) shows the AP with the temporal correlation as
in Figs. 10(b) and (d). Most concepts are improved such as
“Sports”, “Weather”, “Car” and “Maps”. Only “Computer” is
apparently declined, “Office” and “Charts” are slightly declined.
The improvement based on the hierarchical correlations is

lower than those by co-occurrence and temporal correlation
mainly because the hierarchical correlation matrix is sparser
since only a few concepts are assigned the child concepts and
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TABLE VI
COMPARISON OF THE PROPOSED TWO-STAGE SEMANTIC MODEL AND RELATED WORKS

the parent concepts, while other two correlations are assigned
for every concept.
NE Model Parameters: In Fig. 11, we show the relationship

between the MAP performance of Tv 06 from Vireo374 and the
four parameters used in NE(IA) models, , , and .
In Fig. 11(a), each curve corresponds to the evaluation of a spe-
cific parameter. We can see these curves all have a regular shape
with a single peak. It means a proper parameter value can im-
prove system performance but a large one will decrease it. In
Fig. 11(b), we show the MAP variation with the joint distribu-
tion of and , where and . It also has a
single peak and other parameter combinations are similar. So it
is reasonable to use the gradient decent searching [39] in a 4-D
parameter space to determine the four parameters based on a
two-fold cross-validation. We use this strategy on determining
the optimal parameters for the performance comparison shown
in Table V.

D. Relations Between the Two Models

Evaluation of the Combined Semantic Model: The MAP per-
formances of the presented two-stage semantic model consti-
tuted of the DALC and the NE model are shown in Table VI.
The combination of two models performs apparently better than
each individual model on Tv 05-07 from Columbia 374 and Tv
08 from CU-Vireo 374 which provide multiple modalities. The
rest of datasets are implemented by NE model only. The LB
based model still performs better than IA based
one. Based on IA, The MAP improvement of the combined
model is nearly the same as the sum of the improvements of
both models. For Tv 07, the MAP of the final scores performs
more than twice better than that of the original score. For Tv 05,
which has a high baseline, the MAP is also improved by 20.6%.
Besides, in Table VI, we compare our work with four proba-

bility maximization based methods [14], [9], [12], [15] and five
unsupervised semantic models [42], [7], [34], [35], [31]. The
symbol “N/A” means that the method was not tested in that
dataset in the original literature. Overall, with the domain adap-
tation for multimodal fusion and the incorporation of human in-
tuition for the concept fusion, the performance of
model is remarkable. On most datasets, the IA based

model is superior to the probability maximization based
methods though it is an unsupervised heuristic method. It can

1This result is based on the 39 concepts specified by LSCOM, not the 10
concepts specified by TRECVid.

2This result is based on a different baseline: 0.090.

TABLE VII
RUNTIME COMPARISON WITH OTHER WORKS

also be seen that the two-stage model is superior compared to
other unsupervised methods. The LB based model
is better than all the listed works.
As unsupervised methods, the DALC model and the NE

model do not need extra training process. It makes the two-stage
semantic model computationally efficient. Table VII lists the
runtime of the two models and compares results with other
semantic models on the same datasets with same lexicon
amount. The model can be seen to have the
best performance. Though EMD is quite a slow algorithm,
we usually obtain 10-40 bins due to the selection of . There-
fore, the computation of EMD will not become a noticeable
problem. Besides, the greedy algorithm based steepest ascent
hill climbing searching is quite efficient, which makes DALC
very fast. Based on solving equations, the NE model does not
need iteration such as in [14], [42]. With both three kinds of
correlations, the complexity of NE model is (

) according to the Hessenberg-Schur method [45],
where represents concept number and represents shot
number.
In Fig. 12, we compare the average precision among the base-

line, DALC, NE(IA), and
on the four datasets. It can be seen that the results of the
DALC model and the NE(IA) model are quite different. Gen-
erally, NE(IA) performs better than DALC on most concepts
except some particular ones such as “Maps”, “Boat”, “Com-
puter” and “Desert”. For many concepts, the combination

achieves the best AP performance compared
to DALC and NE(IA). For those concepts on which the DALC
and the NE(IA) performs discriminatively such as “Water-
scape” and “People” in Tv 06, “Boat” and “Maps” in Tv 07
and “Dog” in Tv 08, the model achieves
robust performances. Overall, 61 of the 69 concepts (88%)
are improved by employing the two-stage semantic model
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Fig. 12. Comparison of the AP among Baseline, DALC, NE (IA), , and on Tv 2005-2008.

Fig. 13. (a) MAP of the primary and final scores based on different multimodal
fusion methods. (b) MAP variation of the final scores with different values of .

compared with the baseline. achieves the
best performance on nearly all concepts.
Correlation of the Primary Score and the Final Score: It

is important to investigate the correlation between the primary
score and the final score to understand the relationship between
the two models. The experimental results on all datasets are
similar. We only illustrate the results using Tv 06 from Co-
lumbia374 based on NE(IA) in Fig. 13. In Fig. 13(a), we inves-
tigate the primary scores and final scores based on individual
modalities and some fusion methods we mentioned above. We
can see that all final scores are significantly improved by the
NE model. Relatively, LWP performed worse than them though
its primary score has a high MAP. The improvements of three
linear combination models (Baseline, LC and DALC) are quite
close (0.0339, 0.0296 and 0.0294). In Section VI-B2, we present
the relationship between parameter and primary scores. Here
we investigate the relationship between parameter and final
scores. The results are shown in Fig. 13(b). The bottom and the
top halves show the primary and the final scores generated by
DALC and , respectively. We have already
known that the variation of will causes some MAP fluctua-
tions for the primary scores. Note that the shapes of the two
lines are quite similar. For the final scores, the MAP increment
is around 0.0296 steadily and it is also close to the increments

on the Baseline and LC model. It seems that the NE model pro-
vides a constant improvement for the primary scores when they
are derived from the linear combination fusion model. There-
fore, it is reasonable to conclude that the effect of the NE model
is independent of the effect of the DALC model in a small MAP
range of the primary scores.

VII. CONCLUSION

We introduce a new two-stage semantic model building method
composed of multimodal fusion and concept fusion to incor-
porate semantic information into the video concept indexing
model. For multimodal fusion, we develop a new DALC model
to update the weights of LC model for different data distribu-
tions between the training and testing domains, based on a his-
togram representation of the distributions of the projection an-
gles between domain elements to the model parameter. Unlike
commonly used pseudo-label based methods, the new DALC
model can efficiently utilize the entire data of the domain with
huge data amount.
For concept fusion, we present a new NE model based on a

mechanical model where the concepts are regarded as physical
nodes and multiple correlations are modeled as forces. The con-
cept fusion becomes a dynamic process to find the equilibrium
state of a dynamic node system. The new position of each node
at the equilibrium state represents the fused new score of each
concept. The NE model is built based on the prior knowledge
of human intuition. It can incorporate multiple kinds of corre-
lations simultaneously and is flexible in that we can adjust the
force definition to fit different requirements for semantic struc-
ture building.
The two models are tested on TRECVid 2005-2010 datasets.

The experiments show that both models can improve the
MAP performance. The DALC model with domain adaptation
achieves better performance than the generic LC and LWP
models. The scores of more concepts are improved. The con-
cept scores that are decreased by the LC model are increased
by the DALC model. Based on three correlations, the NE
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model significantly improves the MAP performance on all
datasets. Note that we can use supervised constraining factors
in the NE model when the labeled validation set is given. It
can achieve even better performance. The combination of the
two models also further improves MAP performance. With
unsupervised constraining factors, the DALC+NE model is
superior to existing state-of-the-art supervised or unsupervised
semantic models on most datasets. With supervised factors,
it has superior performance on all datasets. In addition, the
new two-stage model is more computationally efficient than
existing methods. The MAP improvement of the combined
model is nearly the same as the sum of the improvements of
both models. In Tv 05-08 datasets, the MAP performance of
88% concepts are improved. We also show that when the MAP
of the primary score changes in a small range, the effects of
two models can be regarded as independent, i.e., the NE model
can consistently improve MAP performance over the DALC
model.
Nevertheless, a precise hierarchical ontology is constructed

manually in this paper. It becomes expensive for large scale con-
cept definitions. The hierarchical correlation matrix used in our
experiments is quite sparse. In experiments, the NEmodel based
on hierarchical correlations obtains less improvement compared
to those based on other two correlations. Therefore, the future
work may include finding a better way to represent the hierar-
chical correlations.
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