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Abstract

Video copy detection has been actively studied in a wide
range of multimedia applications. This paper presents a
novel content-based video copy detection method using the
randomly projected binary features. A very efficient sparse
random projection method is employed to encode the image
features while retaining their discrimination capability. By
taking advantage of the extremely fast similarity computa-
tion of binary features using Hamming distance, we present
a keyframe-based copy retrieval method that exhaustively
searches the copy candidates from the large video database
without indexing. Moreover, an effective scoring and local-
ization algorithm is proposed to further refine the retrieved
copies and accurately locate the video segments. The exper-
imental evaluation has been performed to show the efficacy
of the proposed randomly projected binary features. The
promising results in the TRECVID2011 [14] content-based
copy detection task demonstrated the effectiveness of our
proposed approach.

1. Introduction

During the past decade there has been an exponential
growth of online videos due to the huge amount of user-
contributed multimedia contents through abundant video
sharing websites. The massive publishing and sharing
of videos raises the problem of a large amount of near-
duplicate copies. Video copy detection is essential to many
real-world applications, including copyright protection, law
enforcement investigations, business intelligence, adver-
tisement tracking and redundancy removal.

Generally, a video copy is a segment of video sequence
that is transformed from another one by means of inserting
patterns, compression, change of gamma, decrease in qual-
ity, camcording, etc. In this paper, we focus on the content-
based copy detection using visual features which offers an
alternative solution to the traditional watermarking.

The key of content-based video copy detection is to

extract the robust and discriminative features from video
frames. Many previous methods [9, 21, 12, 5] extracted
the local feature such as SIFT [11] to deal with occlusions
and cropping problem. However, it is quite computational
expensive to extract the robust keypoint descriptors and per-
form pairwise matching of a large number of local features
frame by frame. Alternatively, the complicated indexing
scheme is employed to reduce the total number of compar-
isons among the local feature descriptors. Although such
method obtains some promising results, it is still computa-
tionally intensive and require a large amount of memory to
store the vocabularies. Moreover, such indirect comparison
method may inevitably miss some video copies.

In contrast to the local features, the global features, such
as color histogram, pyramid histogram of oriented gradi-
ents (PHOG) [3], GIST [13] are efficient to compute and
quite compact to store. Taking advantage of some prepro-
cessing techniques [2], the global feature can also deal with
the tough transformations, such as cropping, flipping, and
picture in picture.

In this paper, we propose a novel content-based video
copy detection method using the randomly projected binary
features. To this end, both PHOG and GIST are encoded
by a very efficient sparse random projection method [10],
which greatly retains the discrimination capability of the
original features. By taking advantage of the extremely
fast similarity computation of binary features using Ham-
ming distance, we present a keyframe-based copy retrieval
method that exhaustively searches the copy candidates from
the large video database without indexing. Moreover, an
effective scoring and localization algorithm is proposed
to further refine the retrieved copies and accurately lo-
cate the video segments. The experimental evaluation has
been performed to show the efficacy of the proposed ran-
domly projected binary features. The promising results in
the TRECVID2011 [14] content-based copy detection task
demonstrated the effectiveness of our proposed approach.

In summary, the main contributions of this paper are: (1)
a novel scheme for the content-based video copy detection
using binary features; (2) a random projection approach to
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Figure 1. Overview of our proposed approach to content-based video copy detection.

encoding the binary features for GIST and PHOG; (3) an
effective video copy scoring and localization method.

2. Related Work
As content-based video copy detection is beneficial for

many real-world applications, there are numerous research
efforts on this topic [9, 7, 12, 5, 16].

A large number of research tasks [9, 7, 12, 5] try to find
the video copies based on the local salient points and lo-
cal fingerprints using the complex indexing scheme. Joly et
al. [7] proposed an approximate similarity search technique,
in which the probabilistic selection of the feature space re-
gions was based on the distribution of the feature distor-
tions. Then, a post-processing technique considering only
the geometrically consistent matches was used to enhance
the video copy retrieval performance. Law-To et al. [9]
introduced an indexing method through building trajecto-
ries of local points in the video sequence. A scale and ro-
tation invariant local descriptor for corner points was pro-
posed based on a generalized Radon transform [12]. Douze
et al. [5] estimated a spatio-temporal model between the
query video and the potentially corresponding video seg-
ments. In [16], a multiple feature hashing method is pre-
sented to retrieve the near-duplicate videos.

A number of testbeds have been built for evaluating the
performance on video copy detection. The content-based
copy detection competition in TREC Video Retrieval Eval-
uation (TRECVID) [15] is one of the most important bench-
marking platform, in which many techniques have been
evaluated. Here we briefly review several typical methods.
Juan et al. [2] produced the copy candidates by comparing
video segments using the combination of the visual global
features. Yusuke et al. [17] employed a bag-of-global visual
features using the DCT-sign-based feature. They performed
multiple assignment in the temporal, feature and spatial do-
main, then adopted inverse document frequency weighting
and temporal burstiness-aware scoring to emphasize dis-

tinctive visual words. Jiang et al. [6] detected video copies
with a cascade of multi-modal features and a temporal pyra-
mid matching method. Note that all these methods depend
on the audio content, we focus on the method using visual
information only in this paper.

3. Video Copy Detection with Binary Features
Given a database of the reference videos, and a set of

query videos are generated by applying some transforma-
tions on the corresponding reference videos. Our task is to
detect the correct copy or claim no copy can be found for
each query video from the reference video database using
the content information. To this end, we propose a novel
approach which employs two kinds of randomly projected
binary features to represent each frame. As illustrated in
Fig. 1, the whole process can be divided into three steps:
1) feature extraction; 2) keyframe-based copy retrieval; 3)
video copy detection and localization. In the following, we
introduce each step in detail.

3.1. Feature Extraction

Typically, it is very efficient to extract the global features
from the image. We further extract the binarized global
features from each frame in videos, which can greatly re-
duce the computational cost and storage requirement. In
this paper, we introduce two kinds of binary features by
encoding two conventional global features: Pyramid His-
togram of Oriented Gradients (PHOG) [3] and GIST [13].
We name the binary PHOG feature as “BPHOG”, and name
Binary GIST feature as “BGIST”, respectively. In our im-
plementation, we first detect the copies using the two kinds
of binary features separately, and then simply combine the
results by selecting the ones with the higher confidence
score. Some video preprocessing techniques are also used
before the feature extraction to deal with some tough trans-
formations including black borders, irrelevant frames, flip,
and picture-in-picture, which can substantially improve the
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Figure 2. Find three representative keyframe pairs using pairwise Hamming distance.

performance of the global feature representation. For first
three transformations, we employ the similar idea of inverse
transformation described in [1]. To effectively detect the
picture-in-picture transformations, we detect the right angle
corners of the front picture using the position constraints.

3.1.1 Sparse Random Projection

We target to project original features into anm-dimensional
space such that the pairwise Euclidean distance is pre-
served. It turned out that an ε-approximate embedding
can be found using a very sparse random projection matrix
whose entries consist of {

√
s, 0,−

√
s} with probabilities

{0.5/s, 1 − 1/s, 0.5/s} when s ≥ 3 [10]. Then, we can
binarize each projection into single bit according to its sign.
One bit quantization of the projected vectors approximates
the angle between the original vectors. We empirically set s
to d/2, where d is the dimensionality of its original feature.
Thus, each row of the projection matrix consists of single
1 and one −1 in our setting. The remaining elements are
all set to zeros. In other words, we compare two randomly
selected item for each dimension from the original feature
to obtain its corresponding binary feature. If the previous
one is larger, the bit is set to one, otherwise zero.

3.1.2 Binary PHOG

PHOG feature consists of a histogram of orientation gradi-
ents (HOG) over each subregion in image at each resolution
level. As in [3], the distance between two PHOG image
features can reflect the extent to which the images contain
similar shapes and correspond in their spatial layout. Since
the variations of a copy may not significantly change the
distribution of intensity gradients, we propose an effective
Binary PHOG feature representation for each frame.

To efficiently extract the BPHOG feature, we directly
represent each subregion by binarizing the HOG descrip-
tor [4] without detecting the edges as the original PHOG
implementation [3]. More specifically, we firstly compute
the gradient (gx, gy) for each pixel (x, y) in the subre-
gion, and then calculate the gradient magnitude Gm and
orientation bin Gb as Gm(x, y) = ‖(gx, gy)‖, Gb(x, y) =
bNb arctan(gy/gx)/π + (1/2)Nbc, where Nb is the to-
tal number of the orientation bins. The k-th dimensional

of the HOG descriptor is computed as: HOG(k) =∑
( x, y)Gm(x, y), Gb(x, y) = k.
Secondly, Nb-dimensional feature vector is projected

onto an m-dimensional space by an m×Nb projection ma-
trix, and each projection is binarized into one bit by its sign.
Finally, we extract BPHOG feature for each frame by con-
catenating all binarized HOG codes from each subregion.

3.1.3 Binary GIST

GIST feature is a set of perceptual dimensions (naturalness,
openness, roughness, expansion and ruggedness) that rep-
resent the dominant spatial structure of a scene [13]. It has
been widely used to represent the image for classification,
copy detection, and object recognition. Similarly, we bi-
narize the extracted GIST features using the random pro-
jection method introduced in Section 3.1.1. Comparing to
binarizing HOG feature in each subregion, we quantize the
GIST feature in each block into the binary codes.

3.2. Keyframe-based Copy Retrieval

To retrieve the relevant reference videos for a query, in
this step, we employ an exhaustive brute-force search by
taking advantage of fast Hamming distance computation be-
tween binary features. To further reduce the computational
cost, we extract keyframes to efficiently measure the sim-
ilarity between videos. Specifically, we first compute the
Hamming distance between the binary features for each pair
of neighbor frames. The largest φ−1 distances are selected
as the segment boundaries. Then, the video is segmented
into φ segments. The first frame and the last frame of each
segments are selected as the keyframes.

To measure the similarity between two videos using the
keyframes, we select three representative keyframe pairs
one by one with the scheme illustrated in Fig. 2. The clos-
est pair is selected at first. Then we mask the keyframe
pairs that violate the temporal order of the current selected
pair. This process is repeated until the three representative
keyframe pairs are found. The keyframe-based distance be-
tween two videos is defined as the average Hamming dis-
tances of these three representative keyframe pairs. To con-
sider both the efficiency and effectiveness, three representa-
tive keyframe pairs are sufficient to filter out most irrelevant
reference videos in our empirically study. Finally, a coarse
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Algorithm 1 Copy Confidence Scoring and Localization
Input: Extracted features for Q and R, distance thresh-
old θd, minimum matched segments length θl.
Output: Confidence Score S, (Qfirst, Rfirst, Rlast).
Initialize matching segments index set:
V = {1, · · · , q + r − 1};
Initialize the first and the last frame index vectors:
Qf = q + 1, Ql = 0, Rf = r + 1, Rl = 0;
Initialize the matched frame pairs counter M = 0;
Compute the pairwise Hamming distance matrix H;
for i = 1 to q do

for j = 1 to r do
if H(i, j) < θd then

Current sequence index k = i− j + r;
Update the first and the last indexes:
if Qf (k) > i and Rf (k) > j then
Qf (k) = i, Rf (k) = j;

end if
if Ql(k) < i and Rl(k) < j then
Ql(k) = i, Rl(k) = j;

end if
Increase the matched frame pairs counter:
M(k)=M(k)+1;

end if
end for

end for
Compute matched segments length L = Ql −Qf ;
Remove the segments with the length below θl from V ;
Calculate the confidence score for each segment:
C(k) =M(k)/L(k) + L(k)/q, k ∈ V ;
Find the most matched segments from V :
n = argmaxk C(k), k ∈ V ; S = C(n)
(Qfirst, Rfirst, Rlast) = Time(Qf (n), Rf (n), Rl(n)).
return S, (Qfirst, Rfirst, Rlast)

copy set with a few top nearest reference videos for a query
video is constituted.

3.3. Video Copy Detection and Localization

Once retrieving a coarse set of video copies for a query
video Q, the next step is to evaluate the copy confidence
score for each reference video R in the coarse copy set. We
employ a 3-tuple (Qfirst, Rfirst, Rlast) structure to local-
ize the copy segments. They respectively denote the time of
the first frame in the query, the first and the last frame in the
reference video. Typically, the time shift between the found
copies is supposed to be a constant value here.

Taking advantage of the efficient Hamming distance
computation, we are able to compute the copy confidence
score and find the exact locations of copies frame by frame.
To compute the confidence score and the location of the ref-
erence video R for the query video Q, we design a search

Figure 3. Example of a possible matching sequence: the 1st frame
in the query video is aligned to the 6th frame in reference video.

algorithm based on the pairwise Hamming distance matrix
H ∈ Rq×r between all q frames in Q and all the r frames
in R, as summarized in Algorithm 1.

We employ Algorithm 1 to evaluate every possible
matching sequence, i.e., every diagonal of H like the se-
quence (1, 6), (2, 7), · · · , (q, q + 5) illustrated in Fig. 3
where q < r and (i, j) denotes the indexes of the corre-
sponding frame pair from Q and R respectively. To find
the most confident segment of video copies from all these
possible sequences, we employ the following rules. Two
frames with the Hamming distance below a threshold θd are
treated as a matched pair of frames. As the example shown
in Fig. 3, the (2, 7) is the first matched pair and (6, 11) is the
last matched pair. The segments between the first matched
pair and the last matched pair are treated as the matched seg-
ments, such as (2, 7), · · · , (6, 11) in the example. Thus, we
have the most confident matched segment for each possible
matching sequence. Then, we define the confidence score
for the matched segments as m/l + l/q, where m denotes
the number of matched frame pairs, l is the length of the
matched segments, and q is the length of the query video.
In this example, m = 3, l = 5. In the score function, the
first term awards more matched frames and the second term
awards longer matched segments. Moreover, the length of
the matched segments l should be longer than a threshold θl.
Finally, the segment with the maximum confidence score is
treated as the confidence score of this reference video. This
process can be done by simply traversing the matrixH only
once according to Algorithm 1. By repeating this process,
we can compute the copy confidence score and the localiza-
tion result of each reference video in the coarse copy set.

We select the video with the largest confidence score as
the copy of the query video. Along with the confidence
score, the localization result is obtained simultaneously.
Moreover, we make use of the ratio-distance to remove the
large number of false positives. Specifically, we only count
the video with the score ratio between the first and the sec-
ond largest ones larger than 1.3 as the true positive; other-
wise, we claim that no video copy is found for the query.

4. Experiments
4.1. Feature Comparisons

We compare the performance of seven kinds of fea-
tures with different coding approaches on a widely-used
Columbia’s TRECVID2003 dataset [20], which consists of
600 keyframes with 150 near-duplicate image pairs and 300
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Figure 4. Comparisons on Columbia’s TRECVID2003 dataset

non-duplicate images extracted from the TRECVID2003
corpus. Cumulative accuracy [22, 23] using differ-
ent features by ranking with their corresponding similar-
ity/distance measures are evaluated to compare the perfor-
mance. We list the detailed information on compared meth-
ods and their settings as follows:

Color Histogram (CH) We compute the histogram for
HSV channels with H:64 bins, S:64 bins and V:32 bins.

PHOG We extract the PHOG feature [3] without the
edge detection, and use three levels with 40 +41 +42 = 21
subregions and 24 orientation bins for each region.

GIST We extract the GIST feature [13] on 3 scales with
8, 8, 4 orientations respectively. 4× 4 = 16 blocks are used
to account for the spatial variations.

SH-PHOG Spectral Hashing [18] is used to convert the
504-dimensional PHOG feature into 504-bit binary code.
All the images are used to train the hash functions.

SH-GIST Spectral Hashing is used to project the 320-
dimensional GIST feature onto 512-bit binary code.

BPHOG We binarize the HOG feature for each subre-
gion to 24-bit leading to 504-bit BPHOG feature.

BGIST We binarize the GIST feature for each block to
32-bit leading to 512-bit BGIST feature.

We plot the cumulative accuracy results in Fig. 4 for all
the compared methods on the Columbia’s TRECVID2003
dataset. First of all, we can observe that BGIST achieves
the best result, which even perform better than the origi-
nal GIST feature. Moreover, the performance of BPHOG
method is only slightly worse than the original PHOG fea-
ture. Furthermore, the binary coding using Spectral Hash-
ing is much worse than the original features. It can also
be seen that GIST method obtains the best performance
among the non-binary features, and PHOG performs better
than color histogram. Thus, we can conclude that our used
random projection approach to binary coding not only pre-
serves the discriminative capability of the original features
but also greatly reduce the computational cost by taking ad-
vantage of Hamming distance.

4.2. TRECVID2011 CCD Task Results

The TRECVID2011 [14] content-based copy detection
task requires to perform 11, 256 queries in a reference video

database consisting of around 12K videos amount to about
400 hours. The query video is transformed by 8 types of
visual transformation and 7 types of audio transformation
from 201 videos. Since we focus on the visual contents in
this paper, 8 ∗ 201 = 1608 visual queries are used in our
evaluation. 8 types of visual transformation is summarized
as follows: (T1) Simulated camcording; (T2) Picture in pic-
ture; (T3) Insertions of pattern; (T4) Strong re-encoding;
(T5) Change of gamma; (T6) Decrease in quality; (T8) Post
production; (T10) Combination of three randomly selected
transformations chosen from T2-T5, T6 and T8.

We have submitted two runs using our proposed ap-
proach described in Section 3. One only employed the
BGIST feature (bgist) and the other used the combination of
BGIST and BPHOG features (bhg). Empirically, the num-
ber of keyframes is set to 10 with φ = 5 and 50 with φ = 25
respectively for the query and the reference video. θd and
θl in Algorithm 1 are set to 170 and 15, respectively.

As defined in CCD task [8], we employ the Normalized
Detection Cost Ratio (NDCR) to measure the accuracy of
the copy detection. The lower NDCR, the better perfor-
mance is. We also use F1 measure to evaluate the accuracy
of finding the exact extent of the copy in the reference video,
once the system has correctly detected a copy. The higher
F1 measure, the better performance is.

Table 1 shows the NDCR and F1 measure results of our
two runs. From NDCR results, it can be seen that our
two runs obtain the promising copy detection performance
for the most of transformations. It is worthy of mention
that we only take consideration of the visual contents while
most of the leading teams find the copies using both visual
and audio information. Our proposed binary global fea-
tures, keyframe-based copy retrieval and scoring algorithm
together contribute to the desirable copy detection perfor-
mance. Moreover, the proposed method never fails to a
certain transformation, which shows the great generaliza-
tion capability of the BPHOG and BGIST features with the
presented preprocessing techniques. Respectively, the pro-
posed approach does not perform well for the insertions of
pattern (T3) because the inserted patterns may affect the the
global feature representation.

Obviously, our localization algorithm shows the leading
performance according to the F1 measure results for all the
transformations. Traversing the Hamming distance matrix
to numerate all possible matching sequence is the key to the
success of the proposed method. From above all, we can
conclude that the desirable results are mainly due to the fast
computation for Hamming distance of the binary features.

5. Conclusion and Future Work
In this paper, we presented a novel randomly projected

binary feature approach to the content-based video copy de-
tection using visual information. We introduced two kinds
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Table 1. NDCR (lower is better) and F1 measure (higher is better) results and ranks of our two runs and the median. Note that we only
consider the visual content leading to the desirable results while most teams make use of both visual and audio contents.

NDCR F1
bgist bhg median bgist-rank bhg-rank bgist bhg median bgist-rank bhg-rank

T1 0.888 0.881 93.146 9/32 8/32 0.958 0.958 0.796 1/32 1/32
T2 0.731 0.687 107.688 8/32 7/32 0.957 0.943 0.882 3/32 8/32
T3 0.649 0.470 91.737 13/32 12/32 0.952 0.958 0.903 8/32 4/32
T4 0.515 0.448 91.754 10/32 8/32 0.957 0.958 0.887 5/32 4/32
T5 0.343 0.284 107.019 9/32 7/32 0.952 0.949 0.893 5/32 8/32
T6 0.500 0.425 69.322 8/32 6/32 0.956 0.952 0.890 4/32 6/32
T8 0.731 0.590 91.786 10/32 8/32 0.959 0.949 0.885 4/32 8/32
T10 0.657 0.575 122.496 9/32 8/32 0.958 0.950 0.887 4/32 5/32

Average 0.626 0.545 107.2 8/32 7/32 0.956 0.952 0.809 2/32 4/32

of binary global features to extract the effective binary fea-
tures from video frames. Accordingly, we developed a
keyframe-based video copy retrieval algorithm to exhaus-
tively search the video copy candidates and a scoring and
localization algorithm to refine the search results. The ex-
tensive experiments demonstrated the effectiveness of our
proposed copy detection method. In the future, we will try
to apply the semi-supervised hashing scheme [19] to effec-
tively extract the binary features.
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