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ABSTRACT
Event-related query is playing a more and more important role in
video retrieval. However, it is still a challenge to the existing video
retrieval engines for lacking the effective motion analysis. In this
paper, we propose a novel re-ranking scheme for video retrieval
based on motion region trajectory analysis. By focusing on the
changes of the primary moving regions, we construct an intuitive
motion region-based trajectory descriptor (MRTD) to depict the
shot activities. In the re-ranking phase, the proposed approach
takes the MRTD as a motion cue and re-ranks the baseline results
by motion-related query selection and MRTD-based weighting.
We evaluate our method in TRECVID2007 and 2008 datasets, and
observe consistent improvement over all the baselines, leading to a
greatest performance gain of 42.9%, and an average gain of 17%.
The experiments also show that the motion descriptor of MRTD is
fruitful for a variety of features.

1. INTRODUCTION
With the rapid increase in the volume of digital videos, how to
effectively and efficiently index and retrieval has become more
and more urgent. Compared to the static image, video is a
consecutive frame sequence and contains the rich motion
information, which can cover spatial and temporal characteristics
simultaneously. Some traditional motion-based video retrieval
systems have been proposed over the past decade [1, 2] [3, 4].
These systems first utilize statistics to analyze the distribution of
“motion points” and represent it with vectors (named as statisticsbased motion descriptors), then apply the extracted feature vectors
to video retrieval by means of certain distance measure [1, 2] or
classifier [3, 4]. The advantage of these statistics-based approaches
is the compact vector representation and the fast computation.
However, one problem with the above approaches is the lack of
capacity with respect to the characterization of relationship
between temporal and spatial information.
An alternative use of motion information for video retrieval [5,
6] [7] is to extract the motion trajectories of target from motion
vectors (termed target-based motion descriptors). There are two
types of targets: the foreground object and the pixel-like point. For
example, VideoQ [5] proposed grouping regions that are similar in
low visual features to form a video object, and adopted the queryby-sketch (QBS) scheme to retrieve videos. Babu et al. [6]
proposed a system to extract object-based and global features
using motion vector information for video retrieval. The object
segmentation was done by applying EM algorithm and the number

of objects was determined by the K-means clustering procedure.
Instead of object segmentation, Su et al. [7] used the local motion
vectors directly across consecutive video frames to form motion
flows, and triggered the retrieval phase by QBS scheme. The
advantage of these target-based methods is the good observability,
i.e. it can integrate temporal-spatial information well. However, its
drawback is that, on one hand, the segmentation of video objects is
still an open question for object-based trajectory method, on the
other hand, for point-based trajectory method, the frame by frame
tracking process is over precise and produces many disorderly
motion curves which are less useful for retrieval. Otherwise, the
matching strategy in video retrieval phase is rather unreasonable. It
is not convenient for the user to provide a sketch of motion
trajectory for retrieval, especially without having any semantic
information.
To address the problems above, we propose a new semanticlevel motion region-based trajectory descriptor (MRTD) and a
novel layered re-ranking scheme to apply the MRTD into video
retrieval. As shown in Figure 1, after shot segmentation, we first
hierarchically extract two-level motion features, including a 17-D
frame-level motion feature and a 38-D shot-level motion feature
from compressed video units. Then a semantic-level MRTD is
represented by quantizing the primary moving region’s trajectory
extracted from the above two-level motion features. Finally, we
apply the proposed MRTD in a MRTD-based re-ranking scheme
for video retrieval.
The major contributions of this paper can be summarized as
follows:
1. We propose a novel motion region-based trajectory
descriptor (MRTD). Instead of considering the object segmentation
and the disorderly motion curves integration, this MRTD takes the
movement tendency of primary moving regions as a cue and
contains certain semantic information. Otherwise, the vector
representation of MRTD derived from quantization process is
convenient for the usage of video retrieval.
2. We propose a MRTD-based video re-ranking scheme, which
consists of adaptive motion-related query selection and MRTDbased weighting. Experimental results show that our scheme is
fruitful for all the features and achieves an important gain in MAP
and infAP.
The remainder of this paper is organized as follows. Section 2
presents two parts: first part describes the extraction and
representation of the MRTD, and the second part is the MRTDbased re-ranking scheme in video retrieval. Section 3 shows the
experiments over TRECVID benchmark, followed by conclusions
in Section 4.

information. In this section we represent the constructing process
of our MRTD as follows:
Step 1: Noisy frame filtration. From repeated observation of
the contents of every frame, frames which present many disorderly
and small areas or stationary pictures are usually the ones causing
interruptions in the target tracking, besides, due to the unreliable
shot segmentation, the marginal frames may bring into irrelevant
content which disturbs the track of the primary moving region in a
video unit. Therefore, we need to remove these noisy frames
before “linking” trajectories. Given an original shot Shoti =
{Frame1i, Frame2i, … Frameni}, and Frameji = <xji, yji, Areaji> is
one frame of the shot, where x, y and Area are the scaled values of
the center of gravity of the primary region and the scaled values of
the primary region’s area respectively, and i and j are the index of
shots and frames respectively. We calculate it as follows:

ShotiKey = {Frameij | α M arg inFilter < j < n − α M arg inFilter }
Shot

Figure 1: Framework for our motion region trajectory analysis and
re-ranking scheme for video retrieval

2. MRTD-BASED RE-RANKING FOR VIDEO
RETRIEVAL
2.1. Motion Feature Analysis
2.1.1 Hierarchical Motion Features Extraction
Motion information is both spatial and temporal simultaneously.
To preserve these excellent characteristics, we generate two-level
hierarchies of motion features, including a frame-level motion
feature and a shot-level motion feature.
a) Frame-level motion feature (spatial characteristics)
Firstly, we extract the motion vectors from the compressed
MPEG streams and filter the noisy macroblocks based on the three
criteria in [8]. Then we estimate global camera motion with the
simplified discriminative models mentioned in our previous work
[8]. Finally, by subtracting the camera motion vector from the
macroblock’s motion vector, we get a 17-D frame-level motion
feature V [8]. It consists of the scaled values of the center of
gravity of the primary region (xc, yc), the primary region’s area m00,
and rotation-, translation- and scale- invariant moments of the
primary region upq.
b) Shot-level motion feature (temporal characteristics)
For preservation of temporal characteristics, we explore the
motion vectors in a shot sequence and form a 38-D shot-level
motion feature. We take the average of every item in the 17-D
frame-level features denoted as V → and the absolute values of
→
standard deviation denoted as △V in a shot sequence. Four other
→
statistics, pnull, pstill, pirregular and r are added, which represent the
percentage of no object involved frames, the percentage of still
frames, the percentage of irregular frames and the average of all
existing motion magnitudes respectively.
2.1.2 Motion Region-Based Trajectory Descriptor (MRTD)
Representation
The motion descriptor of MRTD can be regarded as an unit of
computation which is further extracted from continuous feature
vectors. Different from continuous feature vectors, MRTD is
discrete and more intuitive, containing certain semantic
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Where αMarginFilter denotes the number of marginally noisy frames,
and βAreaFilter denotes certain values of the moving region’s area.
In our method, we empirically set α MarginFilter = 2, and β AreaFilter
takes the average of m00 in a shot sequence derived from the 38-D
shot-level feature automatically.
Step 2: Primary moving region trajectory representation. After
eliminating the noisy frames, we link the centroids of the primary
regions of all remainder frames ShotiKey to form a trajectory of
primary moving regions, denoted as
Trajectoryi ={< xij , yij >| xij , yij ∈Frameij &Frameij ∈ShotiKey} (3)
Step 3: Trajectory quantization. The necessity of the trajectory
quantization is that on one hand, it is convenient for the similarity
matching of trajectory with vector-like representation, especially
suitable for more practical query-by-example (QBE) retrieval
scheme. On the other hand, it can simultaneously alleviate the
error of trajectory extraction to some extent. Specifically, the
trajectory quantization is completed using the following operations,

δiLeastSquaresFit =

ShotiKey ∗∑(xij ∗ yij ) −∑xij ∗∑yij
ShotiKey ∗∑xij 2 −∑xij ∗∑xij

(4)
where |ShotiKey| denotes the frame number of ShotiKey. Then values
of the MRTD are determined by the sign function (5)
⎧Still, ShotiKey ≤1
⎪
⎪
sign(Shoti ) = ⎨HorizontalMotion,(−1≤δiLeastSquaresFit ≤1)& ShotiKey >1
⎪
LeastSquaresFit
>1|| δiLeastSquaresFit <−1)& ShotiKey >1
⎪⎩VerticalMotion,(δi

(5)

2.2. MRTD-Based Re-Ranking
2.2.1 Motion-Related Query Selection
Motion information impacts different queries in different ways. It
is important for query of “a person walking or riding a bicycle”
while is useless for that of “a street market scene”. Therefore, we
propose a motion-related query selection mechanism that can
remain adaptive to the characteristics of the motion for each query.
We obtain the query type by calculating the proportion of each
MRTD’s value and taking out the portion of the value which
satisfies a certain threshold with respect to type. The threshold is
empirically set to meet the requirement that the value of maximum

Figure 2: Relationship between ε and improvement of MAP of
two typical features
proportion is taken and the number of its corresponding type
should be empirically more than ε of total in query examples
simultaneously.
The parameter selection of ε is basically an ill-posed problem
and we believe the best way for deriving an appropriate ε value is
through a large number of experiments. Here we use two features
with wide differences to conduct an experiment for the optimal
value of ε. Fig. 2 shows two different curves. These two curves
indicate the improvement of MAP derived by using different
sample proportions corresponding to Color Histogram and HLF.
According to the figure, we can see that the highest improvements
of MAP both appear when ε=0.7, therefore we suggest using ε=0.7
for all subsequent experiments. Subsequently, if no such threshold
is satisfied, we denote the query type as “Unknown” and don’t
apply motion information to it.
2.2.2 MRTD-Based Weighting
The process of constructing MRTD has integrated spatial and
temporal characteristics by incorporating hierarchical motion
features, and the MRTD itself explicitly reflects directional
information. During the MRTD-based weighting phase, motion
intensity information is added as a coefficient to regulate initial
scores, and is calculated as follows.

Score′ = Score + MotionScore×Coefficient

(6)
Where MotionScore measures the similarity of MRTD between
queries and shots in the database and Coefficient is determined by
1-( ρ -min( ρ ))/(max( ρ )-min( ρ )) , where ρ =Pnull+Pstill is
extracted from the shot-level motion feature. Sorting the updated
scores and we could get the final re-ranking list.

3. EXPERIMENTS
We conduct the experiments on automatic search tasks using the
TRECVID 07-08 datasets [9]. TRECVID provides 24 and 48
queries for 2007 and 2008 tasks respectively, and each query
includes 3 to 11 video samples.
3.1. Motion-Related Query Selection
We extract each video sample’s trajectory of primary moving
region by using the method introduced in Sec.2.1, and quantize the
trajectory to MRTD. Using the motion-related query selection
mechanism, we automatically select 11 and 21 motion-related
queries from the 2007 and 2008 query sets respectively,
accounting for 45.8% and 43.8% in total. The selected queries
from the 2007 query set and their corresponding MRTD values are
shown in Table 1.

In Table 1, queries such as “a person walking or riding a
bicycle”, “a street protest or parade” and “a train in motion” have
the attribute of horizontal motion. Likewise, queries such as “a
street market scene”, “3 or more people sitting at a table” and “one
or more people playing musical instruments” have the attribute of
still cues. These automatic analysis results are in accord with the
subjective judgments. However, subjects like “a bridge” and “a
door being opened” are judged as “Horizontal Motion”, which
seems to be inconsistent with common intuition. By analyzing the
dataset, we find that there are high proportions of objects with
horizontal motion in the samples of the two queries. For example,
there are ships moving across the bridge, and persons moving
across the opened door. More important is that, this
inconsistentness has the statistical stability, and does not hurt the
retrieval performance.
Table 1: Details of selected queries by motion-related query
selection from TRECVID 2007 Search Task

3.2. Motion Fusion and Re-Ranking
To demonstrate the effectiveness of our proposed video re-ranking
scheme based on motion region trajectory analysis, we extract the
following static features or visual descriptors from each keyframe
in each shot: Color Histogram (CH), Color Correlogram (CC),
Edge Histogram (EH), Texture Cooccurence (TC), Texture
Wavelet (TW), SIFT and SIFT_LDA [10].
Multi-bag SVM [11] is used to produce the initial results based
on these features. Then we refine the baselines through the
proposed MRTD-based re-ranking scheme. The performance is
measured by the widely used Average Precision (AP) [9], and the
results are shown in Table 2 and Table 3.
From Table 2, we find that the proposed re-ranking scheme
based on MRTD outperforms initial benchmarks in all commonly
used low-level features, and the improvements are obvious, with
gain about 10%-22% and 6%-43% in different datasets
respectively. Although the absolute values of above features are
low, the improvement of our method is objectively remarkable,
and we also find the robustness of our method to be suitable for
various low-level features.
In addition, we evaluate the impact of MRTD and re-ranking
scheme on some mixed features and high-level concept scores
(HLF). The results are shown in Table 3.
From Table 3, we see once again the robustness of our feature
and method for more complex features. Especially, the 3rd row of

Table 2: Evaluation for fusion of MRTD and various low-level features on TRECVID07-08 datasets

Table 3: Evaluation for fusion of MRTD and other complex features on TRECVID07-08 datasets

left side is our best run (0.0671) in the TRECVID07 search task,
which ranked second among all of the 81 participant submissions.
Our method improves it to 0.0692 again successfully. The right
side of Table 3 shows the performance of our method in the
TRECVID08 search task. After an improvement of 11.63%, we get
our best run (0.0669).
Considering the experimental results above, we can conclude
that our proposed motion descriptor of MRTD and MRTD-based
re-ranking scheme is effective and reliable.

4. CONCLUSION
In this paper, we have presented a novel motion region-based
trajectory descriptor (MRTD) which could depict the movement
tendency of primary moving region in videos. Unlike conventional
object-based and point-based trajectory construction methods, it is
more operable and robust for video retrieval. Subsequently, an
effective MRTD-based re-ranking scheme is investigated. Our
ideas have been successfully tested on the TRECVID07-08
datasets, and experiments show that our method can contribute an
effective supplement to video retrieval, offering on average 17%
(best 42.9%) improvement over various baseline results. Our
future work will focus on seeking more effective motion
descriptors, as well as incrementally investigating the usage of
these motion descriptors in video retrieval.
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