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ABSTRACT
A video “fingerprint” is a feature extracted from the video that should represent the video compactly, allowing
faster search without compromising the retrieval accuracy. Here, we use a keyframe set to represent a video,
motivated by the video summarization approach. We experiment with different features to represent each
keyframe with the goal of identifying duplicate and similar videos. Various image processing operations like
blurring, gamma correction, JPEG compression, and Gaussian noise addition are applied on the individual video
frames to generate duplicate videos. Random and bursty frame drop errors of 20%, 40% and 60% (over the
entire video) are also applied to create more noisy “duplicate” videos. The similar videos consist of videos with
similar content but with varying camera angles, cuts, and idiosyncrasies that occur during successive retakes
of a video. Among the feature sets used for comparison, for duplicate video detection, Compact Fourier-Mellin
Transform (CFMT) performs the best while for similar video retrieval, Scale Invariant Feature Transform (SIFT)
features are found to be better than comparable-dimension features. We also address the problem of retrieval of
full-length videos with shorter-length clip queries. For identical feature size, CFMT performs the best for video
retrieval.
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1. INTRODUCTION
Video search and retrieval is a topic of active research. Here, we search for similar and duplicate videos, where
the similar videos are different retakes of a single scene, and various image processing operations are performed
on the different videos to create the different “similar” videos. A common approach to solving the search
and retrieval problem is by the use of video fingerprinting - video “keyframes” are intelligently chosen and
image features, computed per keyframe, are stored as the “video” fingerprint. A good fingerprint represents
the video efficiently in the form of a compact feature that facilitates fast search without sacrificing retrieval
accuracy. Understandably, there is a trade-off between feature compactness and retrieval accuracy. Here, we
have experimented with the following features - Scale Invariant Feature Transform (SIFT), Compact Fourier
Mellin Transform (CFMT), ordinal histogram and YCbCr histogram based feature. We present precision-recall
analysis to compare detection accuracy using different features as “fingerprints.” The goodness of the fingerprint
has also been considered in the query-based retrieval scenario where a certain fraction of a full-length video
is presented as the query. Based on the stored fingerprints, the original video can be retrieved even with a
short-length query.
An early work in video copy identification based on a keyframe based approach was by Joly et al.1 The
approach was to first extract keyframes from a video and then compute the local descriptors from each keyframe,
based on the Harris corner detector. The noise attacks that were considered were spatial Gaussian noise addition,
gamma variations, spatial resizing and vertical shifts. In a later work,2 they improved the indexing structure
for video fingerprints, based on Statistical Similarity Search. Lee and Doo3 proposed a fingerprinting approach
based on the centroids of gradient orientations (CGO) - the video frames are divided into a fixed number of
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non-overlapping blocks and a CGO based descriptor is computed for each of the non-overlapping blocks. A
constraint in their method is that the number of extracted frames should be same for the two sequences being
compared. The attacks considered were brightness changes, red channel variations, Gaussian blurring, histogram
equalization, frame rate change and frame resizing.
The development of “ordinal” features4, 5 gave rise to very compact signatures and they were also used for
video sequence matching.6 Li et al7 used a binary signature to represent each video - they merged color histogram
with ordinal signatures for feature representation. Yuan et al8 also used a combination of ordinal histograms
and cumulative color histograms for robust similarity search and copy detection. They also proposed an efficient
index structure for the short video clip search.9
A compact and robust fingerprint based on a novel space-time color feature was proposed by Yang et al.10
Here, each shot is divided into a fixed number of equal size segments, each of which is represented by a blending
image obtained by averaging of the pixel values of all the frames in a segment. Each blending image is divided
into blocks of equal size, and then two color signatures are extracted per block. The fingerprint was shown to
be effective for content identification. A recent paper by Zhao et al11 was based on near-duplicate keyframe
identification based on matching, filtering and learning of local interest points. The proposed approach aws
shown to outperform other popular methods, including those employing Locality Sensitive Hashing (LSH).12

2. PROBLEM FORMULATION
2.1 Duplicate and Similar Video Detection
We first outline the process used to generate the duplicate and similar videos, created from BBC rushes used for
the TRECVID-2007 video summarization task.13
2.1.1 Duplicate Videos
We use image processing techniques on the decoded video frames to generate the duplicate videos. The image
processing operations applied to create duplicate videos are:
1. blurring using a 3 × 3 and 5 × 5 window
2. gamma correction by -20% and 20%
3. addition of AWGN (additive white Gaussian noise) using SNR of -20, 0, 10, 20, 30 and 40 dB
4. JPEG compression using quality factors of 10, 30, 50, 70 and 90
Thus, given a certain video, we end up with 16 (15 generated through the various processing methods and 1
original) duplicate videos.
Apart from the image processing based duplicates, we also introduce frame drop-based errors - the frame
drops can be random (frame drops may occur throughout the video) or bursty (frame drops may be concentrated
at a certain region of the video). We have experimented with frame drops of 20%, 40% and 60% of the original
video. Thus, for a given video, we have 64 ((1 + 15) × (1 + 3)) duplicates - for each of the bursty and non-bursty
error cases.
2.1.2 Similar Videos
The BBC rushes dataset was specifically chosen for facilitation of creation of similar videos. The videos in this
dataset contain retakes of various shots. Each original video that is considered is a scene with one or more
retakes. We consider the different retakes of a single scene as “similar” videos.
If the ith scene has Ni number of retakes, we obtain Ni similar videos. Now, for every retake, we generate D
duplicates as described in Sec. 2.1.1, where D=64. For the ith scene, with Ni retakes, there are Ni × D similar
videos. Each video has two to six retakes; thus, the number of similar videos generated will be at least 128
(2 × 64).

For browsing, a compact signature is generated per “significant” frame. If an image-based signature is to be
stored and the video has a large number of frames, the size of the signature can be reduced only if “significant”
keyframes are selected. A video summarization technique is used to identify keyframes, and a feature is extracted
to characterize each keyframe. The collection of these keyframe features constitute the video signature.
We experiment with the following keyframe features:
1. Compact Fourier-Mellin Transform (CFMT)-based signature14–16 at multiple dimensions
2. YCbCr histogram-based feature computed over a video segment
3. Scale Invariant Feature Transform (SIFT)-based feature17 at multiple dimensions
The ordinal histogram feature4–6 is an example of a feature that is computed per video, rather than per
keyframe, and has been shown to be useful for video fingerprinting. A brief comparison is made between the
keyframe-based signatures, and a video-based signature as calculated using ordinal features.
For comparing signatures computed from different videos, the signatures generated are of equal length (though
actual video sizes do differ). The signature for all videos is based on eight keyframes.

2.2 Retrieval of “Large” Video Using “Small” Query Clip
We use a repository of 64 “large” (30000-50000 frames) videos from the BBC rushes dataset. For building the
input query, we use only four of these videos. We hand-annotate the repeated shots in the videos used for
querying. For the query, we combine the signatures of three or four distinct scenes in the video. As mentioned
in Section 2.1, for each distinct scene, we use a eight-frame summary. So, for a video query comprised of three
scenes, there will be 24 (8 × 3 = 24) keyframes in all. The size of the input query is either a 24-frame or a
32-frame feature depending on whether three to four distinct scenes are included.
The “large” video database has videos with a varying number of scenes. While considering the large videos,
the connection between the video length and the signature size is as follows. Say, for a given video of N frames,
we wish its video summary to be 4% of its length. Using a keyframe based approach (Fig. 1) for summarization
keyframes. For each
and using a window of 15 frames on either side of a keyframe, we obtain K = 0.04N
31
keyframe, a d-dimensional feature is computed. Then, the total signature size for the whole video = K × d.
For the YCbCr feature, to obtain a K × d dimensional signature, we consider K equal sized windows for
feature generation (Fig. 2), each window having N/K frames.

3. CFMT FEATURE
The Fourier-Mellin transform (FMT) has been studied extensively in the context of watermarking18, 19 and
invariant object recognition.15, 20, 21 All these methods exploit the fact that this transform generates a rotation, translation, and scale-invariant representation of the images. The FMT was first introduced in14 and our
implementation is based on the fast approximation described in.15
The classical FMT of a 2D function f , Tf (k, v) is defined as:
Tf (k, v) =
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where (k, v) and (r, θ) are respectively the variables in Fourier-Mellin and polar domain representation of the
function f . Ghorbel 16 suggested the concept of an Analytical Fourier-Mellin Transform (AFMT), an important
modification to the problem associated with the existence of standard FM integral (the presence of 1r term in
the definition necessarily requires f to be proportional to r around the origin such that when r → 0, then f → 0
). The AFMT, Tf,σ (k, v), is defined as:
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where σ, a strictly positive parameter, determines the rate at which f tends toward zero near the origin.
Let f1 (x, y) be an image and its rotated, scaled and translated version f2 (x, y) is given by the equation:
f2 (x, y) = f1 (α(x cos β + y sin β) − xo , α(−x sin β + y cos β) − yo )

(3)

where the rotation and scale parameters are β and α respectively, and [xo , yo ] is the translation. It can be shown
that for rotated and scaled images, the magnitudes of the AFM transforms, |Tf1 ,σ | and |Tf2 ,σ |, (corresponding
to f1 and f2 , respectively) are related by the equation:
|Tf2 ,σ (k, v)| = α−σ |Tf1 ,σ (k, v)|

(4)

An AFMT leads to a scale and rotation invariant representation after proper normalization by 1/α−σ . Finally,
the CFMT representation can be made translation invariant by computing the AFMT on the Fourier transformed
image (considering only the magnitude part).
Once the AFM coefficients are extracted, Principal Component Analysis (PCA) and Lloyd-Max non-uniform
scalar quantization are applied to obtain a compact representation, the CFMT descriptor. Each dimension of
the CMFT descriptor is quantized to 256 levels.

Figure 1. Generation of CFMT-Based Signature

4. YCBCR HISTOGRAM FEATURE
The YCbCr histogram is computed over a certain window, as in Figure 2. For a N -frame video and K keyframes,
N
we use a window having P = K
frames for histogram computation. For a window of P frames, we allocate five
bins for each of the Y, Cb, and Cr axes, thus making it a 125-dimensional feature per window. So, the effective
size of the signature for the entire video, considering K keyframes = K × 125.

Figure 2. Generation of YCbCr Histogram-Based Signature

In contrast with the CFMT-based signature, keyframe extraction is not required here as the YCbCr histogram
is computed over a window. So, for the duplicate and similar videos, where we had allocated eight keyframes for

the CFMT based approach, we have eight adjacent, non-overlapping equal-sized windows for the YCbCr case
that span the entire video.

5. SIFT FEATURE
17

SIFT descriptors were introduced in as features that are relatively robust to scale, perspective, and rotation
changes, and their accuracy in object recognition has led to extensive use in image similarity. Computationally
however they are costly since characterization of an image using SIFT descriptors generally solicits thousands of
features for a single image which must be pairwise compared, as shown in Figure 3. It is not the dimensionality of
the descriptor (typically 128) that bottlenecks SIFT image comparison, but the number of descriptor comparisons,
so dimensionality reduction techniques such as PCA-SIFT22 are insufficient for large datasets such as constitute
video frames. One way to speed the comparison is quantizing the descriptors to a finite “vocabulary” as shown

Figure 3. Pairwise SIFT descriptor comparison at numerous interest points.

in Figure 4(a). Then, each image is represented as a weighted vector of the quantized descriptor (“word”)
frequencies. The dimensionality of the signature is a tunable parameter, and can be thought of as the number of
“words” in the vocabulary. With a larger vocabulary, the words are more representative of the actual descriptors
(less quantization error), and therefore in general a larger vocabulary provides signatures that quantify similarity
more accurately.
One drawback of a straight vocabulary is its neglect of the relationship between words. Nister and Stewenius23
propose a scheme where the vocabulary is created using hierarchical k-means clustering. The descriptor set is
clustered into K clusters. Each of these K clusters is further divided into K clusters, producing K × K groups,
and so on. Each cluster, at all resolutions, constitutes a word. Figure 4(b) demonstrates the vocabulary tree.
A straight vocabulary can be thought of as a vocabulary tree with depth 0 and multiple root nodes. At
extremely low dimensions, as necessary for a video fingerprint, it is likely that a straight vocabulary is more
representative than a vocabulary tree. The additional words provide a better description of the image than
the relationship among words does. For instance, in Figure 4(b), the three words in the tree that capture the
similarity of the leaf nodes are unlikely to provide more information than the addition of three more specific
words.
The authors of 11 use SIFT for keyframe matching for video copy detection, employing a technique of oneto-one descriptor matching, rather than a vocabulary technique as explained above. Only descriptors, that are
symmetrically first nearest neighbors, are considered for a match. This represents a “voting” technique for image
matching that requires many descriptor comparisons (e.g., 5000 × 5000 comparisons in the initial example above,
with each descriptor being compared having dimension 128). The vocabulary approach described above is much
less computationally intensive than pairwise descriptor matching and is therefore more suitable for video search
and retrieval.

(a) Straight Vocabulary

(b) Vocabulary Tree

Figure 4. Straight Vocabulary vs. Vocabulary Tree (a) Vocabulary created by clustering - depicted here for same
dimensionality as tree (12). (b) Tree created using hierarchical k-means on SIFT features to a depth of 2. M is the
number of nodes at each level. Using a branching factor of 3, the final vocabulary size=3+9=12.

6. ORDINAL HISTOGRAM FEATURE
The ordinal histogram feature was introduced for visual similarity detection in4, 5 and for video sequence matching
in.6 E.g. if a 32 = 9-dimensional
desired, a given image is first re-sized to a 3 × 3 matrix. Let the
 signature is 
10 30 70
image after being resized be:  20 50 80 
40 60 100
Thus, scanning the image row-wise, from left to right, the ordinal based signature will be [1 3 7 2 5 8 4
6 9], denoting the arrangement of the nine numbers in ascending order. The ordinal features have been used
to find similar regions in videos, with the assumption that the variation of the ordinal features is similar when
studied across successive frames for similar scenes. Thus, if we use a keyframe-based approach, then the ordinal
signature for each frame can be stored. However, since the image is resized, the feature loses out on details while
being compact.
For video search purposes, a feature which is based on the entire video is generally more compact than a
keyframe-based feature. A histogram is taken over all the frames to obtain a full video signature. In,8, 9 a
72-dimensional histogram has been used as a video signature. Each video frame is separately considered along
R, G, and B axes. Along each axis, a 24-dimensional histogram is constructed considering all the frames. This
gives a total signature size of 24 × 3 = 72. The way the 24-dimensional histogram is constructed is as follows:
the image is resized to a 2 × 2 matrix for which the numbers 1,2,3,4 can occur in 4!=24 combinations. The 24
histogram bins represent the 4!=24 combinations.

7. SIGNATURE DISTANCE COMPUTATION
A proper distance measure must be chosen to compare video signatures. For the keyframe-derived signature,
if d(X, Y ) denotes the distance between two K × d signatures X and Y (d-dim vectors being computed for K
keyframes), then

K 
X
d(X, Y ) =
min ||X(i) − Y (j)||1
(5)
i=1

1≤j≤K

where ||X(i) − Y (j)||1 refers to the L1 distance computed between the ith frame of X and the j th frame of Y .
Thus, the distance relation is not symmetric: d(X, Y ) 6= d(Y, X) in general. The motivation behind using this
distance function, as in (5), is that for every vector in the first signature (X), we look for the best match out
of all the vectors in the second signature (Y ) and repeat this process for all the frames in X. Thus, if frame
drops occur or some video frames are corrupted by noise, they will not adversely affect the distance between

two duplicate videos, which would have been the case if an F-norm like distance is used, which compares the
two signatures component-wise (assuming that the two videos follow the same temporal sequence). Also, for
two video signatures, it is not obvious which frame in the first corresponds with which frame in the other.
Therefore, we opt for a closest-overlap distance rather than a sequential frame-to-frame distance. This is based
on the assumption that videos consisting of a reordering of scenes from the same video should be regarded as
duplicates, though when viewed along the time axis, the videos may look different due to the scene reordering.

8. DUPLICATE AND SIMILAR VIDEO DETECTION RESULTS
Precision-recall values have been used to compare the performance of the signatures derived from YCbCr features,
SIFT features, and CFMT features.
Let A(H, Γ) be the set of H retrievals based on the smallest distances from the query video, Γ, in the signature
space and S(Γ) be the number of M videos in the database relevant to the query Γ. Then, precision P is defined
by the number of videos retrieved relevant to a query divided by the number of retrievals, H.
T
S(Γ)|
def |A(H, Γ)
P (H, Γ) =
H
Recall which is defined as

T
|A(H, Γ) S(Γ)|
R(H, Γ) =
M
is the proportion of relevant images retrieved from S(Γ). A precision-recall curve is obtained by plotting the
average precision and recall values over a large number of queries Γ at a varying number of retrievals. Ostensibly,
as the number of retrievals is increased, recall will increase as precision will decrease.
def

We generate precision-recall (P-R) graphs for the signatures generated from CFMT, YCbCr histogram, SIFT,
and ordinal histogram features. The feature dimensions are varied to illustrate the trade-off between feature
compactness and detection performance.
We present results comparing P-R performance for bursty and non-bursty errors for both similarity and
duplicate detection, for the following set of features:
1. CFMT for dimensions 36/24/20/12/4 (Fig. 5 and 6)
2. YCbCr and ordinal histogram (compared with other descriptors in Fig. 9)
3. SIFT for dimensions 781/341/33/31/21/12 (Fig. 7 and 8)
4. CFMT vs best performing SIFT for duplicate detection (Fig. 9(a))
5. SIFT vs best performing CFMT for similarity detection (Fig. 9(b))
From the graphs, it becomes apparent that the precision-recall drop-off is quite small for duplicate detection
when using a CFMT-based signature, in both bursty and nonbursty error cases. This indicates that even for a
large number of retrievals, only few of the retrievals may be incorrect.
SIFT-based signatures perform quite well on similar video retrieval. It is notable, however, that even for the
highest dimensional SIFT-signature (11111), its performance for duplicate video retrieval is worse than that of
the low-dimensional CFMT signature (36), as shown in Fig. 9(a).

(a)

(b)

Figure 5. Comparing the performance of different dimensional CFMT for duplicate (a) and similarity (b) detection for
bursty errors

(a)

(b)

Figure 6. Comparing the performance of different dimensional CFMT for duplicate (a) and similarity (b) detection for
non-bursty errors

9. FULL-LENGTH VIDEO RETRIEVAL WITH CLIP QUERYING
We also study the retrieval results from a full-length video database (64 videos in the BBC rushes dataset as
mentioned in Sec. 2.2) while querying with a clip of one of the videos.
Four videos are used for querying: MRS45905, MRS147040, CU497924 and CU501380. For MRS45905,
MRS147040 and CU497924, we consider queries consisting of 32 keyframes, corresponding to four distinct scenes.
For CU501380, we consider queries representing 3 distinct scenes, given by 24 keyframes. Let the input query
Xquery be a 32 × d signature, where each of the 32 representative frames is represented by a d-dimensional
signature. While comparing this signature with that of a large video, which is represented by Nlarge keyframes
and has a signature Xlarge (Nlarge × d), the distance between these signatures, D(Xquery , Xlarge ), is computed
as follows:

(a)

(b)

Figure 7. Comparing the performance of different dimensional SIFT features for duplicate (a) and similarity (b) detection
for bursty errors

(a)

(b)

Figure 8. Comparing the performance of different dimensional SIFT features for duplicate (a) and similarity (b) detection
for non-bursty errors

∆(i) = min ||Xquery (i) − Xlarge (j)||1 , 1 ≤ i ≤ 32
j

D(Xquery , Xlarge ) =

32
X

∆(i)/32

(6)
(7)

i=1

where ||Xquery (i) − Xlarge (j)||1 is the L1 distance between the ith frame for Xquery and the j th keyframe for
Xlarge . We have used L1 distance between two frame-based vectors, for CFMT, YCbCr histogram, and ordinal
histogram based features.
Now, after finding the distance D(Xquery , Xlarge ) for all the large videos, we arrange them in increasing order

(a)

(b)

Figure 9. Performance of different descriptors for duplicate (a) and similarity (b) detection. CFMT is superior for
duplicate detection, and SIFT is superior for similarity detection.

of distance and consider the position of the video, from which the clip is actually taken, in the list, which is
called the “rank.” In an ideal case, for perfect retrieval, the “rank” will be 1. Here also, we use the same set
of image processing operations and frame losses (20, 40, and 60%), as mentioned in Sec. 2.1 on three or four
distinct-scene videos, for creating the query videos. We have 12096 queries created in this manner for each of
the four videos. The average rank is computed over these 12096 queries.
Another aspect to note is the summary size for the large videos. If the summary size is increased, it will
be easier to find similar regions between a query and the summary of the larger video. We experiment with
summary sizes of lengths 1%-4% of the entire video. The “rank” values for the ordinal histogram based feature
for the videos MRS45905, MRS147040, CU497924 and CU501380 are 1.46, 15.14, 21.58 and 2.22, respectively.
As seen from Tables 1 and 2, the CFMT feature provides the best retrieval rank for features of comparable
dimensions.
Table 1. The retrieval results are presented for 4 videos for 1% summary lengths

video name CFMT-36 CFMT-20 CFMT-12 YCbCr-125 SIFT-781 SIFT-31 SIFT-21
MRS45905
1
1.01
1
7.92
1.01
3.83
13.26
MRS147040
1
1.01
1
1.60
1
2.67
1.49
CU497924
1.03
1.36
1.03
1.71
1
1.00
2.15
CU501380
1
1
1
1.92
1
1
1
Table 2. The retrieval results are presented for 4 videos for 4% summary lengths

video name CFMT-36 CFMT-20 CFMT-12 YCbCr-125 SIFT-781 SIFT-31 SIFT-21
MRS45905
1
1.09
1.23
1.78
1
2.52
3.94
MRS147040
1
1
1.06
2.11
1
1
1.45
CU497924
1
1.21
1.59
4.70
1
1.41
8.44
CU501380
1
1
1.47
1.99
1
1
1

10. ANALYSIS
The results show that while CFMT features provide quick, accurate retrieval for duplicate videos, SIFT features
are superior for detecting similar videos. This analysis seems in accordance with the general practice of CFMT
use for duplicate image retrieval, but SIFT for object recognition in images, where objects may be similar to

each other but are not identical. The applicability of the duplicate video detection method is to identify copied
or pirated videos and prevent copyright infringements, where given the original, the pirated copies (even if the
copies span only a part of the original, akin to our frame-drop based scenario, or contain a temporal reordering
of the scenes in the original video) can be detected. Future research will focus on the scalability of our similarity
detection method to capture non-retake based similar videos (similar in content - e.g. episodes of a certain
television serial).
In other analysis which is not presented here, it was revealed that perhaps strategic keyframe selection, based
on efficient video summarization, is unnecessary, as the retrieval results (retrieval of large video using small
clips as query) using uniform keyframe selection for full-length video signature creation rival those of strategic
selection for three of four videos. Further analysis is called for in this direction, using a larger number of videos.
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