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Partial Copy Detection in Videos:
A Benchmark and An Evaluation of Popular
Methods
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Abstract—The goal of partial video copy detection is to find one or more segments of a query video which have (transformed)
copies in a large dataset. Previous related research in this field used either small-scale datasets or large datasets with simulated
partial copies by imposing several pre-defined transformations (e.g., photometric changes) due to the extremely time-consuming
annotation of real copies. It is still unknown how well the techniques developed on simulated datasets perform on real copies,
which are much more challenging and too complex to be simulated. In this paper, we introduce a large-scale video copy database
(VCDB) with over 100,000 videos, and more than 9,000 copy pairs found by manual annotation. A state-of-the-art system of video
copy detection is evaluated on VCDB to show the limitations of existing techniques. We also evaluate deep learning features
learned by two neural networks: one is independently trained on a different dataset and the other is tailored to deal with the
copy detection task. Our evaluation suggests that all the existing techniques, including the deep learning features, are far from

satisfactory in detecting complex real copies.

Index Terms—Video copy detection, benchmark dataset, frame matching, temporal alignment, deep learning.

1 INTRODUCTION

ORE and more videos are being transmitted
M online due to the prevalence of video capturing
devices and network sharing platforms. Copyright
infringement becomes an important problem because
of the low cost of copying a video and distributing
it on the Internet. Therefore, video copy detection,
which concerns detecting copies in a large dataset
automatically, has attracted significant research atten-
tion.

Due to the complex content variations on the In-
ternet, such as scale and lighting changes, the task
of video copy detection is very challenging. Local
invariant features like the SIFT [1] and indexing struc-
tures such as the inverted file [2] have been popularly
adopted for the purpose of precise and efficient copy
detection. Despite the great progress, entire video-
level copy detection, which requires a query video
and a reference video to share very long copied seg-
ments, is the focus of many recent works [3], [4]. The
datasets used in these works only have video-level
annotations, i.e., whether two videos share copies of
each other without the exact temporal location of
copied segments. This greatly inhibits the research on
the more fine-grained partial copy detection which
involves finding one or more copied segments and
their exact temporal location between a pair of videos.
The need of copyright protection calls for more precise
partial copy detection.
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Fig. 1. Three pairs of copy frames extracted from copy
pairs in VCDB. All the copies were found from web
videos through careful manual annotation. Different
from existing datasets mostly generated “artificially” by
imposing a few pre-defined transformations, the com-
plex content variations in VCDB pose new challenges
to video copy detection research.

The manual annotation of real copies is very
hard and extremely time-consuming, so small scale
datasets with simulated copies [2], produced by im-
posing a few pre-defined transformations, are used in
recent researches. Despite the convenience of simu-
lated datasets, it becomes an open question that how
well the state-of-the-art approaches developed on sim-
ulated copies can be transferred to the application of
real copy detection.

In order to address the aforementioned shortcom-
ings of existing datasets, a large-scale video copy
detection dataset (VCDB)! is elaborated in this paper.
This dataset consists of more than 100,000 videos
collected from the Internet, covering a wide range of

1. Available at: http:/ /www.yugangjiang.info/research/VCDB/
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TABLE 1
Comparison of video copy detection datasets. VCDB is the only one containing real partial copies.

[ [[ Year [ Partial Copy? | Type [ Size of Dataset |
Indyk et al. [5] 1999 N Real 2,000 videos
Joly et al. [6] 2003 Y Simulated 1,040 hours
Muscle-VCD [7] 2007 Y Simulated 98 videos
CC_Web [3] 2007 N Real 12,790 videos
TRECVID 2008 [8] 2008 Y Simulated 200 hours
UQ_Video [4] 2011 N Real 169,952 videos
VCDB 2014 Y Real 100,528 videos
topics like movies and sports. Around 9,200 partial 2.1 Video Copy Detection Datasets

copies are found between about 6,000 pairs of videos
by manual annotation. The video transformations in
our dataset are very complex, some of which are
shown in Figure 1.

In order to demonstrate the limitations of existing
approaches, a popular method with state-of-the-art
performance is evaluated on VCDB. In addition, we
also conduct an evaluation of deep learning features,
which have been popularly adopted in various image
and video classification tasks but have rarely been
used for video copy detection. Two types of deep
learning features are used. One is based on the stan-
dard Convolutional Neural Networks (CNN) trained
on a large set of images, while the other is generated
by a network trained particularly to cope with content
variations in the copy detection problem.

Our work has two main contributions. First, a
large-scale dataset with real partial video copies is
introduced, which requires significant efforts both
in design and in annotation. Second, comprehensive
benchmarking of existing approaches is conducted on
our new dataset. The comprehensive benchmarking
suggests that the systems with near-perfect results on
the simulated datasets like TRECVID [9], [10] still
have much room for improvement on our dataset.
This calls for more research on detection algorithms
of real partial video copies. This work is extended
from a conference paper [11] with new proposals
and evaluations of the deep learning features and
expanded discussions throughout the paper.

The rest of the paper is organized as follows.
Related works are reviewed in Section 2. Section 3
describes the construction and annotation of VCDB.
Section 4 briefly introduces the baseline system with
SIFT feature, Section 5 introduces two alternative
deep learning features and Section 6 discusses the
evaluation results. Finally, Section 7 concludes this

paper.

2 RELATED WORK

Datasets on video copy detection are first reviewed in
this section. And then we review a few representative
approaches and briefly discuss some popular deep
learning methods.

We summarize a few representative datasets in Ta-
ble 1. Very few benchmark datasets on video copy
detection have been released for cross-site compari-
son. Many researchers constructed datasets only for
their own research. For instance, Indyk et al. [5]
downloaded 2,000 clips of news, music videos and
movie trailers with durations between 2 and 5 min-
utes. Copies were generated by imposing pre-defined
transformations like inserting TV logos, camcording,
changing frame rates, etc. A collection of 1,040 hours
of TV videos are constructed by Joly et al. in [6]. The
videos were stored in MPEG1 format, and included
various contents such as commercials, news, sports
and TV shows. Copies were also simulated in this
dataset.

Law-To et al. [7] created the Muscle-VCD, which
is perhaps the first well-known public benchmark
dataset. The Muscle-VCD contains about 100 hours
of videos from the Internet, TV archives and movies,
which are stored in different resolutions and formats.
Two kinds of queries are defined in the dataset: (1)
ST1: entire video copy (normally between 5 minutes
and 1 hour), where the videos may be slightly recoded
and/or noised; (2) ST2: partial video copy, where
two videos only share one or more short segments
(between 1 second to 1 minute). The copied seg-
ments were simulated by imposing transformations,
and were later used as queries to search for original
versions.

The U.S. National Institute of Standards and Tech-
nology included a task on content-based copy detec-
tion in 2008 in its annual TRECVID evaluation [8].
A benchmark dataset was created and released to
participants of this task every year. The 2008 version
includes about 200 hours of TV programs and around
2,000 query clips, which has been used in many works
[10], [2]. The queries were generated like Muscle-VCD
by randomly sampling video segments from datasets
and imposing transformations. This task was can-
celled in 2011 due to near-perfect submitted results.
However, the evaluations on our dataset will show
that the near-perfect performance is not the situation
for real partial copy detection.

Apart from the aforementioned simulated datasets,
there are a few datasets containing real video copies
collected from the Internet. Wu et al. [3] created
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the popularly used CC_Web dataset, which con-
tains 12,790 videos collected by searching videos
on Google, YouTube and Yahoo!. The CC_Web was
extended to UQ_Video dataset [4] by adding more
background distraction videos. But these two datasets
were created for the problem of near-duplicate video
detection, which is different from copy video de-
tection. Videos which are created from two sources
but contain the same contents, such as the same
scene captured by two cameras, are near-duplicate
videos by definition, but not copy videos. In addition,
the transformations existed between videos in the
datasets are limited and easy to be detected; there
are only video-level annotations without the exact
timestamps of copies. These all make the datasets not
suitable for benchmarking approaches of partial video
copy detection.

2.2 Video Copy Detection Approaches

The works of copy detection systems can be divided
as video-level copy detection and partial (sub-video-
level) copy detection. Works dedicated to entire video-
level copy detection used global features like color
histogram and local features like the LBP [12], [3],
[4]. The copies used in experiments were mostly
with limited content variations, thus reasonably good
results were reported.

The detection and localization of partial copies are
more challenging, particularly under severe content
variations, so more advanced techniques have been
used. In [9], local features are extracted and quan-
tized to the bag-of-visual-words (BoV) representa-
tions, which are then indexed by an inverted file struc-
ture for efficient search. In [2], local features are ag-
gregated similar to the Fisher Vector [13], [14], which
are indexed for efficient frame matching. Finally, a
modified Hough voting scheme is used to produce
the timestamps of copied segments. Similarly, bag-of-
words representations of local features and inverted
file indexing are also used in another system by Tan et
al. [15]. But they additionally used a geometric consis-
tency verification method to filter out outlier wrong
matches of local features. In the end, the problem of
finding the partial copies is formulated as a network
flow optimization by constructing a temporal network
using frame matching results.

As can be shown from the above works, most par-
tial copy detection systems contain the following main
parts: extraction of local features from frames, frame-
level matching, and temporal alignment method to
produce the final copied segments. These main parts
have technical variations in different systems, such
as the choice of the efficient descriptor matching
method (e.g., using the product quantization [16]
or its extended version [17]), the geometric verifica-
tion scheme (e.g., using the Weak Geometric Consis-
tency [9] or its variant [18]), or the final copy segment

detection algorithm (e.g., using the Hough voting
[2] or the temporal network [15]). The frame-level
matching by local descriptors is almost the same as
the techniques used in image-based object retrieval,
which has been extensively studied in recent years
[19], [9], [20], [21], [22], [23].

2.3 Deep Learning Features

In the past few years, deep learning has been exten-
sively used in image and video analysis tasks with
great success. The most noteworthy characteristic of
deep learning features is that they are learned from
training data by neural networks instead of hand-
crafted. In [24], Krizhevsky et al. trained a deep
convolutional neural network (CNN) on 1.2 million
images in the ImageNet LSVRC-2010 contest to clas-
sify images into 1000 different classes. The resultant
AlexNet network consists of 5 convolutional layers,
3 fully-connected layers with 60 million parameters
and 650,000 neurons. In [25], features extracted from
AlexNet are utilized to the problem of object detection
benchmarking on PASCAL ROC dataset. A recent
work by Fischer et al. [26] show that the local features
learned by CNN are better than SIFT under most
image variations.

Different from the typical CNN used for image
classification, another deep neural network structure
is Siamese network. Like “Siamese twins”, siamese
network has two identical sub-network to extract
features from a pair of input data, and then links
two features with a connection function. The structure
of Siamese network makes it suitable to problems
pertaining comparison. In [27], face patches were used
by a Siamese network to train deep learning features
for face identity prediction. Similar works [28], [29]
also used Siamese network to train features for face
verification with small variations on net structure.
Despite the good performance of Siamese network on
face problems, as far as we know, there are no works
directly using a Siamese structure to train features for
video copy detection.

As can be shown from above, for video copy detec-
tion, there are two prospective ways to embed deep
learning features: to use a pretrained network such
as Alexnet, or to train a new feature with siamese
network from scratch. Training from scratch can in-
corporate video transformation knowledge into the
features, which may help detect copies with strong
content transformations.

3 CONSTRUCTING VCDB
3.1

Collecting VCDB videos started from selecting video
queries to be searched on two video-sharing websites:
YouTube and MetaCafe. After careful selection, 28
queries were used, which cover a wide range of topics

Video Collection
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Fig. 2. An example of a video pair containing multiple partial copies. Similar cases are abundant in VCDB.

such as commercials, movies, music videos, public
speeches, sports, etc. Then we downloaded around 20
videos per query from the two video websites, which
may contain partial copies. This gave us 528 videos in
total (approximately 27 hours) to form a core dataset,
leading to around 6,000 candidate pairs ((%') x28) to
be annotated.

After that, an additional 100,000 videos were further
collected to serve as background distraction videos.
In order to avoid copies between videos in the core
dataset and distraction videos, we skimmed over all
these distraction videos. The core dataset and the dis-
traction videos together form the final VCDB dataset.

3.2 Annotation

The annotation of 6,000 pairs of videos down to
frame level is extremely hard and time-consuming,
especially for video pairs that contain multiple short
partial copies, as can be shown in Figure 2. We first
planned to crowdsource this heavy task on websites
like the Amazon MTurk. But to accurately locate the
boundaries of copied segments is rather sophisticated
and requires many precise operations, which is very
hard to design a user-friendly interface for novice
workers. So instead, seven part-time annotators were
recruited and trained to perform the task.

In order to alleviate the hard work in annotation,
we developed a carefully designed annotation tool.
In the annotation tool, two videos can be viewed
simultaneously at different timestamps to be com-
pared, and the boundaries of found copies can be
written into a database easily. To further reduce the
effort, the transitivity property of copy relation is
used in our annotation tool. Specifically, two segments
which are copies to the same third segment tend to
be copies of each other. Notice that the transitivity
rule does not always hold, as the bridging segments
may contain contents from two different sources that
are copies to the two segments respectively (e.g., the
transformation of picture-in-picture, as can be seen
in the middle of Figure 1). Thus, the annotation tool
will recommend candidate segment pairs by using the
transitivity rule to be confirmed by annotators. The

recommended segment pairs already have the bound-
aries specified, which greatly reduce the annotation
task. In the end, the entire annotation work lasted
about one month (around 700 man-hours).

3.3 Statistics

After the annotation, 9,236 pairs of partial copies
were found in total. Figure 3 gives one example copy
for each of the 28 queries. As can be shown, the
transformations in VCDB are diverse and hard to be
simulated by imposing a few pre-defined transfor-
mations, which makes VCDB superior to the existing
datasets in benchmarking.

A few major transformations popularly used in
simulated datasets are counted by running through
all the 9,236 copy pairs. The final statistics show that
about 36% of them contain “insertion of patterns”,
18% are from “camcording”, 27% have scale changes,
and 2% are with “picture in picture” patterns. The
simulated datasets usually have around the same
amount of copies for each transformation, but the
distribution of our VCDB is far from uniform, with
“insertion of patterns” extremely high, and “picture
in picture” patterns extremely low.

More statistics about VCDB are provided in Fig-
ure 4. We can see from Figure 4(a) that, among
the video pairs that have at least one partial copy,
nearly 80% of them contain only one copied segment,
while as high as 20% contain multiple partial copies.
Moreover, Figure 4(b) shows that short copies are
very common in VCDB as 32% of the found copied
segments are less than 10 seconds and another 28%
are between 10 and 30 seconds. More importantly,
according to Figure 4(c), 44% of the copies are shorter
than 1/5 of their parent videos and only 31% of them
occupy over 4/5 of the parent videos, which confirms
the fact that most copies in VCDB are partial video
segments.

4 A BASELINE SYSTEM

We implement a baseline system that has achieved
very good performance on various datasets to demon-
strate the capability of existing copy detection tech-
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Fig. 3. Example copy frames from the videos downloaded by the 28 queries, ordered from left to right and top
to bottom by topic categories (indicated by background color): commercials (3), films (11), music videos (1),
speeches (3), sports (6), surveillance videos (1), and others (3). This figure is best viewed in color.

niques and to show the difficulty of our VCDB. Fig-
ure 5 shows the general framework of most state-of-
the-art video copy detection systems, which is also
the pipeline of our baseline system. For modules 1-
4 of Figure 5, we use the techniques in the work of
Jegou et al. [9]; for the remaining temporal alignment
modules, two methods from [15] and [2] are adopted
and compared. More details about the baseline system
are described in the following sections.

4.1 Feature Extraction and Frame Representation

At first, frames are uniformly sampled from videos
and local SIFT descriptors are computed and quan-
tized by the standard BoV representation on each
frame. The hierarchical k-means is then used to effi-
ciently generate the codebook for BoV representation,
which segments the SIFT feature space into many
Voronoi cells.

In the experiments, we extract standard 128-
dimensional SIFT features for each sampled frame

using the VLFeat package®. Especially, the SIFT in-
terest points are first detected based on local extrema
of the Difference of Gaussian scale space, with each
octave sampled at 3 intermediate scales, and then SIFT
descriptors are computed on a 4 x 4 spatial histogram
with bin size as 8. The hierarchical k-means contains
4 layer with branching factor as 15, leading to a
codebook of 15* = 50625 visual words.

4.2 Indexing and Hamming Embedding

We use an inverted file structure to index the quan-
tized SIFT feature vectors for efficient frame match-
ing. Additionally, Hamming embedding from [9] is
incorporated in our system to reduce the quantization
error of the standard BoV representation. The key
idea of Hamming embedding is to further partition
Voronoi cells into more subspaces by mapping each
local descriptors to a binary code, with the similarity
between descriptors being approximated by the Ham-
ming distance between binary codes. Thus, two SIFT

2. http:/ /www.vlfeat.org
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Fig. 4. Statistics of VCDB: (a) the number of partial copies per video pair, among those having at least one
copy; (b) the duration of the partial copies; and (c) the percentage of the duration of the copy segments in the
corresponding parent videos. From these statistics, we can see that as high as 20% of video pairs contain two or
more partial copies; 32% of the found copied segments are less than 10 seconds and another 28% are between
10 and 30 seconds, which are very short; 44% of the copies are shorter than 1/5 of their parent videos and only
31% of them occupy over 4/5 of the parent videos. This confirms the fact that most copies in VCDB are partial

video segments.

Database Videos ===9| 1. Local Feature =~ 2 Frame
Query Video —)| Extraction Representation

s, Indexing
Structure

Frame
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Results
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Fig. 5. The general framework of a video copy detec-
tion system.

descriptors are only matched when they are quantized
to the same Voronoi cell and the Hamming distance
is smaller than a threshold at the same time. This
method is better than directly using a larger codebook
(i.e., more Voronoi cells) since the latter will cause
more quantization error [30].

4.3 Geometric Verification

Both the BoV representation and indexing structure
with Hamming embedding ignore the geometric in-
formation like the orientation and scale of the SIFT de-
scriptors, so the matching accuracy can be improved
by using the technique of geometric verification which
excludes “wrong” matches that are geometrically not
consistent with the majority of matches. We use a
weak geometric consistency (WGC) method from [9]
to perform geometric verification. WGC adjusts the
matching scores of video frames using the orientation
and scale parameters computed in the SIFT descrip-
tors. Specifically, the matching scores are enhanced if
features are transformed by a consistent angle and
scale, and reduced vice versa. Readers can get more
details of Hamming embedding and WGC from [9].

4.4 Alignment by Temporal Network

The final step of video copy detection is to identify
the copied segments by considering the frame-level

matching results and the temporal information at
the same time. By checking the temporal consistency
between two videos, wrong frame matches can be
further filtered out. In our system, two methods are
adopted to perform the temporal alignment.

The first method is called temporal network [15],
which formulate the problem as a network flow opti-
mization process. Given a query video Q and a refer-
ence video R, the top-k similar frames to each frame
in Q are collected by searching R. Then a directed
temporal network is constructed by linking top-k
frames chronologically according to their timestamps.
The value (edge weight) of the link (edge) is the
similarity score between the corresponding matched
frames. Finally, the finding of copied segments is
equivalent to searching for the longest path in the net-
work under three constraints: the maximum temporal
length between two successively aligned frames, the
minimum temporal length of a copied segment, and
the minimum similarity score between the matched
frames.

4.5 Alignment by Temporal Hough Voting

The second method is called temporal Hough trans-
form proposed in [2]. Denote s(tq,tq) > 0 as the
matching score between a query frame at time ¢,
and a reference frame at time t4. A histogram h(J) is
computed by accumulating the frame matching scores
within a window of § frames: h(6) = }_, oy s(tqtq +
), where Y is the set of timestamps of the query
and s(tq,tq + 0) = 0 if there are no matched refer-
ence frame with timestamp ¢, 4 §. The final copied
segments are produced by searching around peaks
in the histogram. In practice, bursts of matches often
exist among consecutive frames that are very similar,
which causes the scores of the Hough histogram
to be biased. So a re-weighting scheme is used to
normalize the matching scores before computing the
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histogram. A system [2] using this temporal alignment
method achieved competitive results on the simulated
TRECVID dataset.

4.6 Discussion

The guideline of choosing the above techniques in
our baseline system is that they should be repre-
sentative and have consistently good performance
on multiple datasets, and the systems developed on
methods in our system [9], [2] have achieved impres-
sive performance on contests like the TRECVID [8].
The near-perfect results on simulated datasets maybe
have sent a wrong signal that the problem of video
copy detection is already solved, and therefore there
were few systems developed in recent years. A re-
cent system developed by Revaud et al. [17], which
used VLAD [14] to aggregate the frame features and
extended the product quantization [16] for event re-
trieval in large datasets, is perhaps the most related
approach to our system. However, we found this
pipeline produces slightly worse results than our
baseline system. The reason of this is probably that
the approach was designed for the problem of similar
video event retrieval, which pays more attention on
video semantics rather than visual patterns, and there-
fore cannot find copies after strong content variations.
In the following section, we introduce a few new
features for this challenging problem.

5 DEEP LEARNING FEATURES

Deep learning features, though being popularly used
in many applications, have never been extensively
tested in video copy detection tasks. In this work,
we consider two types of deep learning features.
Besides directly using a standard CNN pre-trained
on a large image dataset, we also propose a Siamese
convolutional neural network (SCNN) particularly
trained for copy detection. The first CNN feature is
used as a global frame-level feature, while the SCNN
feature is learned from frame patches, and thus can be
considered as a local feature. We discuss the detailed
settings in the following sections.

5.1 Standard CNN

For each sampled video frame, a 4096-dimensional
feature vector is extracted using the Caffe [31] imple-
mentation of the AlexNet in [24]. The video frames
are directly rescaled to input size (i.e., 227 x 227) to
feed in Alexnet. We use the output of the sixth fully
connected layer as the frame-level feature vector. For
details of the network architecture, please refer to [24].
After feature extraction, cosine similarity is used to
measure the proximity of two video frames. Matched
frames with similarities higher than a threshold are
then further aligned with the temporal network ap-
proach described earlier.

Notice that various indexing methods may be used
for fast frame comparison. In this work, we are more
interested in knowing how the CNN feature performs
on the copy detection task and how it compares with
the traditional SIFT based methods. We leave indexing
methods on this feature as a part of future work.

5.2 SCNN

Our SCNN has two identical sub-network (i.e., they
share the same structure and the same weights), each
of which contains 3 convolutional layer and 3 fully-
connected layer, followed by a connection function
layer and a loss layer. Figure 6 shows the detailed
architecture of the SCNN. ReLU neuron [24] is used
as activation function for each layer. The Euclidean
distance is used as connection function to link the
output of the last fully-connected layer.

Due to the twin structure of SCNN, copy and non-
copy image patch pairs are used as training data. First,
we randomly sample 64 x 64 patches from the video
frames. Then, two random patches from different
videos are paired as non-copy pair. For copy pairs,
we apply four transformations on the original sam-
pled patches: position translation, scaling, flipping,
and optic change. The contrastive loss introduced in
[32] is used as loss function in the training process.
The goal of the loss function is to pull copy pair
together and push non-copy pair apart. Caffe is used
to train the network using Stochastic Gradient Descent
(SGD) with mini-batches of size 256. Our training data
includes 100,000 copy pairs, and the equal size of non-
copy pairs. The copy pairs are randomly transformed
in the aforementioned four ways. The learning rate is
set 0.01 initially and decays as the training progresses.
The momentum is set 0.9 constantly. As we do not
witness overfitting as training in such manner, we
train models until the loss does not decrease despite
lowering learning rate.

Based on the experiences on using the CNN feature
for image analysis, the best layer for feature extrac-
tion is an intermediate fully-connected layer, not the
last layer, so we set the penultimate fully-connected
layer as the feature layer. The neurons of the feature
layer will be set different size to find the optimal
feature dimension. Given an input frame patch, a sub-
network of the SCNN can be used to generate the
feature vector, which is then used as an alternative
descriptor of the SIFT in the baseline system described
in Section 4.

Concerning feature extraction, we first tried features
by densely sampling hundreds of 64 x 64 patches
from original video frames to feed in one sub-network
of SCNN. However, we found this process tediously
slow. Therefore we turn to a slightly different extract-
ing pipeline. SCNN is split into two parts, namely
convolutional part and fully-connected part. Each
video frame is first rescaled to 256 x 256 to feed in
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Fig. 6. An illustration of the architecture of our SCNN. For the convolutional layer, the dimension 40 x 5 x 5%1
means the layer has 40 feature maps with kernel size as 5 x 5 and stride as 1. Likewise, a 2 x 2%2 pooling layer
means its kernel size is 2 x 2 and its stride is 2. The second fully-connected layer is used for feature extraction

in the testing phase.

the convolutional part, and then the final convolved
output is densely sampled with stride as 2 to feed
in the fully-connected part. In other words, we move
the dense sampling process from the very beginning
to after the final convolutional layer, saving the time
of computation on convolution on overlapping areas
of sampled frame patches. This extracting pipeline is
nearly 20 times faster than the first one with nearly
no performance loss.

After feature extraction, only the matching with the
BoV representation and the temporal alignment steps
are used afterwards. The step of geometric verification
is dropped in the retrieval process as the SCNN
descriptor has no scale and orientation information
like the SIFT.

6 EXPERIMENTS

In this section, we begin our experiments on a small
and popular benchmark dataset, Muscle-VCD [7], to
ensure that our baseline system is properly imple-
mented. Then, thorough evaluations on VCDB are
discussed.

6.1 Baseline System on Muscle-VCD

As described in Section 2.1, we focus on ST2 of partial
copies to evaluate our baseline system. There are 21
queries in ST2, and the performance is measured by

|missed frames|

QF =1 and

 |groundtruth frames|’

_|correct| — | false alarm|

QS =

|returned segments|

the same as that in [7]. We uniformly sample two
frames per second in all our evaluation. Even though
sampling more frames may lead to slightly better

results, the evaluation of this factor is beyond the
focus of this paper.

Using temporal network as the alignment method
in our baseline system, we achieve 0.81 for QS and
0.70 for QF. To our best knowledge, the highest results
on this dataset are 0.86 and 0.76 respectively for the
two measures, which were achieved by a similar
method [15] to our system. The reason behind the
small performance gap is that an enhanced version
of WGC was used in [15], while our system only uses
the standard WGC.

6.2 Baseline System on VCDB

The evaluation of the baseline system is presented in
this subsection, in which we first report the perfor-
mance on the core dataset, and then by incrementally
adding more background distraction videos, experi-
ments on large-scale dataset are conducted. We use all
segments in 9,236 copy pairs as queries. The standard
precision and recall are used as performance measure,
which are commonly used in the evaluation of search
systems. A correct detected copy pair requires that
they both share frames to a ground-truth pair. We
do not enforce a minimum number of shared frames
because hitting a ground-truth pair with even one
single frame will be useful in applications like copy-
right protection. More specifically, the segment-level
precision (SP) and recall (SR) are defined as:

|correctly retrieved segments|

SP = and

|all retrieved segments|

_|correctly retrieved segments|

SR

)

|groundtruth copyl
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Fig. 7. Precision-recall curves of different methods on the core dataset of VCDB. The number following each
SCNN method means the feature dimension (i.e., the number of neurons of the feature layer) of the network.
The Fusion method means the fusion of the best three methods: Baseline (Temporal Network), SCNN 128, and
CNN. Left: segment-level results. Right: frame-level results.

while the frame-level precision (FP) and recall (FR)
are defined as:

|correctly retrieved frames|

FP = ,and

|all retrieved frames|

|correctly retrieved frames|

FR= |groundtruth copy frames|

The frame-level measures are introduced as auxiliary
criteria to show how accurate our baseline system is.

The results on the core dataset are shown as blue
and green curves in Figure 7. We adjust the thresh-
old of the minimum numbers of matched frames in
alignment method to plot the precision-recall curves.
The use of different alighment methods is the only
technical difference behind the two curves. As can
be shown, the temporal network method (the green
curve) performs invariably better than Hough voting
method (the blue curve), which is due to the effective-
ness of explicitly enforcing several constraints in an
optimization framework. Although temporal network
runs slower than Hough voting, the difference is
rather small since the number of matched frames is
already limited after thresholding. The frame-level
recall saturates at 0.5 and 0.45 for temporal network
and Hough voting respectively, which shows that
about half of copied frames can not be detected by our
baseline system. The baseline system with temporal
network method achieves very impressive results on
Muscle-VCD, while on VCDB the segment-level recall
is only 0.48 at a similar precision of 0.80. These all
show that the performance on the core VCDB dataset
is far from from satisfactory, which clearly verifies our
argument that the partial copy detection is much more
challenging under realistic situation.

Experiments on large-scale dataset is conducted
by gradually adding more background distraction

1
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Fig. 8. Precision-recall curves of large-scale ex-
periments on VCDB, using the temporal network
method with different numbers of background distrac-
tion videos.

videos. As can be shown in Figure 8, we add 10,000,
30,000, 50,000, and 100,000 (the entire VCDB) videos
sequentially, and the performance drops as more
videos are added. Note that the degradation of per-
formance is quite insignificant compared to the large
number of videos added, particularly when precision
is larger than 0.8. This shows that our system is not
sensitive to background noises, which is very suitable
for large scale real applications. Similar to results on
the core dataset, more than 40% of partial copies are
still not detected. These undetected copies indicate
that the problem of partial copy detection has much
room for improvement in the future research.
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TABLE 2
Segment-level and frame-level F-measure on the core
dataset of VCDB.
Baseline | CNN | SCNN | Fusion
Segment | 0.5956 | 0.6503 | 0.6317 | 0.6454
Frame 0.6358 | 0.7101 | 0.6897 | 0.7143
TABLE 3

Time cost of issuing a 1-minute long video query to
search in the core dataset of VCDB by only using one

CPU thread.
Baseline | CNN | SCNN
Time (3) 66 274 9%

6.3 Deep Learning Features on VCDB

Finally, we evaluate the deep learning features on the
VCDB core dataset. Results are also shown in Figure 7.
After matching the similar video frames using both
types of deep learning methods, the final copy results
are generated by the temporal network method, since
its performance is better than Hough voting. In order
to find the optimal feature dimension, we set the
feature layer of SCNN to different sizes and train a
model from scratch separately for each size, which is
shown in the Figure 7 as method “SCNN”" followed
by feature dimension.

As can be seen from the four lines of the SCNN
method (all using triangular markers), the perfor-
mance first increases and then decreases while the
dimension becomes larger, and the optimal dimen-
sion falls on SCNN-128. This coincides with the fact
that the commonly used SIFT feature is also 128-
dimensional. Therefore, a dimension around 128 is
suitable for a local image descriptor. We can also see
from the figure that the deep learning features pro-
duce clearly better results than the SIFT-based base-
line. These new features can retrieve about 2% more
copy segments and about 5% more copy frames on
the same precision value, which shows the superiority
of trained deep features over hand-crafted features.
In addition, even with the deep learning features, the
frame-level recall still saturates at around 0.57, leaving
a lot of undetected copies. Another interesting point
observed from the results is that the CNN feature
performs a bit better than the SCNN feature. This is
because, in contrast to AlexNet CNN which is trained
on 1.2 million images, the SCNN is trained on a very
small set of samples. As the performance of the two
approaches is fairly close, we expect that SCNN could
possibly perform better once sufficient training data
are provided. As the main purpose of this experiment
is to compare the deep features with the hand-crafted
SIFT, large scale experiment using these two features
on the full VCDB is left for future work.

We also fuse Baseline, SCNN-128 and CNN together
(indicated by “Fusion” in the figure), which produces

10

slightly better results than CNN. Note that the fusion
is done by simply merging the found copies by dif-
ferent methods, which may not be optimal. Figure 9
shows examples of a few failure cases, where we see
strong content variations that cannot be tackled by the
current approaches.

For the convenience of others to compare their
algorithms on VCDB, we also report the best (high-
est) segment-level and frame-level F-measure (i.e., the
harmonic mean of precision and recall) of different
methods on the core dataset in Table 2, and the time
cost of issuing a 1-minute long video query to search
in the core dataset in Table 3. The time cost only
includes the online part of processing a query, and is
measured on an Intel Xeon E5-2690 3.00 GHz CPU by
using only one thread without GPU intervention. The
largest time cost is from the CNN method because
it uses a brute-force manner to search similar video
frames, while the other two use inverted-index. The
SCNN method requires extracting densely sampled
deep learning features, which makes it a lot slower
than the baseline method.

6.4 Challenges of VCDB

We can see from the experiments above that the
performance on VCDB is far from satisfactory. For
applications of video copy detection like copyright
protection, a high recall rate is very crucial, but the
best segment-level and frame-level recall rate is only
around 0.60. We think that the challenges of VCDB
mainly comes from two reasons:

o Complicated visual transformation. The videos
in VCDB are collected from the real world, so
the pattern of copy transformations is very dif-
ferent from that of simulated copy datasets like
TRECVID. Simulation has rules, while real videos
are edited by people creatively, without clearly
defined rules, which brings significant difficulty
in detection. Besides, the competition task of
TRECVID was to link transformed videos with
their original untransformed version, there is
hardly anyone knows which version is original in
VCDB. The task with VCDB is to pair differently
transformed videos, which is harder.

o Complicated temporal structure. For the
TRECVID data, there are no multiple partial
copies between a video pair, but in VCDB
multiple partial copies are very common.
Especially for movie videos, people tend to
break down long movie videos into small
clips and re-edit them into a new web video.
This makes copies very short and numerous.
When two of these fragmented videos come
together, the temporal structure between them is
complicated and very hard to detect.

Complicated visual transformation calls for more ro-
bust visual features, of which deep learning feature is
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Fig. 9. Six frame pairs that are not detected by our system, which contain very severe and complex content
variations.

a promising choice. Complicated temporal structure
reminds us to pay more attention to the temporal
information embedded in videos. Maybe recurrent
neural network can be used to collect temporal cues
and encodes them into better features. Exploring the
possibilities of deep learning on the problem of video
copy detection is a recommended research direction,
which certainly requires some additional efforts upon
the recent progress of deep learning on image classi-
fication [33], [34] and video analysis [35], [36].

7 CONCLUSION

In this paper, a new dataset called VCDB is in-
troduced, which is the only large scale dataset in
the community containing real partial video copies.
Near-perfect results have been attained on simulated
datasets in recent research of video copy detection,
which may have sent a wrong signal that this is a
solved problem and thus has limited the progress
in this field. We hope to reinvigorate this field by
providing over 9,000 highly challenging partial copies
and over 100,000 videos in VCDB.

Evaluations of a baseline system with the traditional
SIFT feature and two deep learning features are con-
ducted on VCDB. The far-from-perfect performance
indicates that VCDB could arguably be a good bench-
mark for future research. Two temporal alignment
methods are also evaluated with the result that the
temporal network method is a better solution. The
fact that the best recall rate on VCDB is only about
0.60 with an extremely low precision of 0.20 suggests
that future research should pay more attention on
the frame matching process to overcome the severe
content variations in real situation. Moreover, two
deep learning features perform much better than SIFT
feature, which shows a promising research direction
of deep learning, although significant efforts may be
needed to train better networks tailored for the copy
detection problem.
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