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ABSTRACT

A frame-level video matching algorithm, which achieves dense
frame matching between near-duplicate videos, is proposed in this
work. First, we propose a ternary frame descriptor for the near-
duplicate video matching. The ternary descriptor partitions a frame
into patches and uses ternary digits to represent relations between
pairs of patches. Second, we formulate the frame-level matching
problem as the minimization of a cost function, which consists of
matching costs and adaptive unmatching costs. We develop an iter-
ative refinement scheme that converges to a local minimum of the
cost function. The iterative scheme performs competitively with the
global optimization techniques while demands a significantly lower
computational complexity. Experimental results show that the pro-
posed algorithm achieves effective frame description and efficient
frame matching of near duplicate videos.

Index Terms— Near-duplicate video detection, frame-level
video matching, ternary frame descriptor, and iterative refinement.

1. INTRODUCTION

With the popularization of video-sharing sites, such as YouTube [1]
and Vimeo [2], an enormous amount of videos are available on the
Internet. A typical video database contains near-duplicate videos,
which have the same contents but different modifications, e.g. subti-
tle insertion, contrast enhancement, and cropping. Near-duplicate
videos induce redundancy and inefficiency in video retrieval and
database management. Attempts have been made to identify near-
duplicate videos by measuring similarities between videos in [3, 4].
However, since these techniques directly compare video-level de-
scriptors and neglect temporal relations of video frames, they are
vulnerable to trimming and compilation. To achieve more precise
and reliable video similarity measurement, many frame-level video
sequence matching techniques have been developed [5–11].

Chen and Stentiford [5] shifted a video temporally and com-
pared it to the other video to detect a near-duplicate segment. Their
algorithm is only applicable to videos that have the same frame rate
and share a single segment. Tan and Triggs [6] constructed a graph
based on the visual similarity and the temporal consistency, and then
detected partial near-duplicates by solving the network flow prob-
lem. Chen et al. [7] defined a graph whose nodes and edges represent
key frames and their similarities, respectively. They extracted dense
subgraphs as near-duplicate segments. Chiu et al. [8] detected near-
duplicate segments by applying the Hough transform to the simi-
larity matrix of two videos. However, the main objective of these
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techniques [5–8] is to determine only the presence of near-duplicate
segments. On the other hand, in [9–11], more precise frame-level
matching algorithms have been developed based on dynamic pro-
gramming, which obtain the optimal solutions by minimizing the
Levenshtein distance between videos. However, they are computa-
tionally complex and require a large memory space.

Frame description is also important to accomplish reliable video
sequence matching. Global color descriptors [10, 12] are efficient to
compute, but susceptible to illumination variations and image quality
degradation. Local descriptors [13–16] are more robust against im-
age rotation, cropping, and illumination variations. However, the lo-
cal descriptors are sensitive to subtitles and logos, inserted into near-
duplicate videos. Recently, patch-based frame descriptors have been
developed to integrate local color information. Yeh and Cheng [11]
constructed a weighted graph of local patches and used it to ex-
tract the spatial correlation descriptor. Chen et al. [7] partitioned a
frame into rings and described them using the histogram of oriented
gradients and relative mean intensities. While [11] and [7] provide
promising performances, their floating-point descriptions incur com-
putational burdens. Inspired by the local binary pattern [17], Shang
et al. [18] proposed cascading binary comparison results of patches.
The binary descriptor demands very low computational complexity,
but provides mediocre performance because of coarse discretization.

In this paper, we present a novel frame descriptor for efficient
near-duplicate video matching, called the ternary frame descriptor.
As a patch-based descriptor, the proposed descriptor represents the
order relations of patch intensities in ternary digits. To compute the
similarity of the ternary descriptors of two frames in a fast manner,
we transform the ternary digits into bits and employ the Hamming
distance. Moreover, we propose a frame-level matching algorithm
to obtain dense frame matching between near-duplicate videos. We
first formulate a cost function for the matching, which consists of
matching costs and adaptive unmatching costs. Then, we develop
an iterative refinement scheme, which is guaranteed to converge to
a local minimum of the cost function. Experimental results confirm
that the proposed algorithm achieves effective frame description and
efficient frame matching of near-duplicate videos.

The paper is organized as follows. Section 2 describes the
ternary frame descriptor. Section 3 proposes the frame matching
algorithm based on the iterative refinement. Section 4 discusses
experimental results. Finally, Section 5 concludes this work.

2. TERNARY FRAME DESCRIPTOR

This section proposes an efficient frame descriptor, which is suitable
for the frame matching between near-duplicate videos.

There are various types of geometric near-duplication, including
rotation, flipping, and flopping. Among them, video flopping, which
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Fig. 1. Examples of the frame pre-flopping: each frame is flopped so
that the average luminance of the left half frame is higher than that
of the right one.

performs the mirror-reversal of a frame across the vertical axis, is the
most frequent type. Hence, we develop a flopping-invariant descrip-
tor by simply performing the frame flopping in a pre-determined
manner. Specifically, we bisect an input frame vertically. Let ηL

and ηR denote the average luminance intensities of the left and right
half frames. If ηR is higher than ηL, we flop the frame across the
vertical axis. Otherwise, we preserve the original frame. Fig. 1 illus-
trates the frame pre-flopping. Since the frame pre-flopping is applied
to each frame, the proposed frame descriptor can be used to match
partially flopped videos as well.

After the pre-flopping, we divide the frame into 4×4 patches and
compute the average luminance intensity of each patch, as shown in
Fig. 2. Let ηi denote the intensity of patch i. We then determine
ternary digits by comparing the intensities of patches. Specifically,
we obtain the ternary digit Tij for patches i and j by

Tij =

 0 if ηi − ηj < −τ ,
1 if |ηi − ηj | ≤ τ ,
2 if ηi − ηj > τ ,

(1)

where τ is a threshold that is fixed to 20. We compute the ternary
digit for every possible pair of patches to obtain the frame descriptor
T = {Tij : (i, j) ∈ N}, where N = {(1, 2), (1, 3), ..., (15, 16)}.
Thus, the proposed ternary frame descriptor has the dimension of
120 =

(
16
2

)
. It is noted that the ternary description of patch pairs was

also adopted in the local ternary pattern for face recognition [19].
Let T(x) and T(y) denote the ternary descriptors of two frames

x and y, respectively. We may measure their distance using the l2-
norm straightforwardly. However, for faster computation, we first
convert each ternary digit Tij into two bits by

T̃ij =

 00 if Tij = 0,
01 if Tij = 1,
11 if Tij = 2.

(2)

Then, we compute the Hamming distance to measure the difference
between the descriptors T(x) and T(y) via

dH(T(x),T(y)) =
∑

(i,j)∈N

T̃ij(x)⊕ T̃ij(y), (3)

where ⊕ is the exclusive-or operator. The bitwise computation is
reasonable, since the distance between ternary digits 0 and 2 is larger
than that between 0 and 1 or that between 1 and 2.

The proposed ternary frame descriptor is a global frame feature
that represents the order relation of patch intensities. It is hence

(a)
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191 165 73 66

(b)

Fig. 2. (a) Partitioning of a frame into 4 × 4 patches, and (b) the
average luminance intensities of those patches.

more robust to various near-duplication processes, such as tone and
color changes, than local features are. Moreover, in case of binary
descriptors, a slight color change may switch a binary feature from
0 to 1 or from 1 to 0. In contrast, the ternary descriptor is designed
to be more robust by employing the threshold τ in (1).

3. FRAME MATCHING

We determine frame-by-frame correspondences between two near-
duplicate videos. To reduce the complexity of the correspondence
matching, we uniformly sample one frame per second from each
video. Let X = {x1, x2, ..., xM} and Y = {y1, y2, ..., yN} denote
the sets of the sampled frames from the two videos, respectively.

The correspondence matching can be formulated as an optimiza-
tion problem. Then, dynamic programming can be employed to
solve the problem [9–11], but it requires huge computational and
memory complexities. To reduce these complexities, we propose
an iterative frame matching algorithm that attempts to minimize the
cost function robustly and rapidly.

3.1. Optimization Problem

For each frame xm ∈ X , we search the corresponding frame yn ∈
Y , whose index n is indicated by a matching function λ. In other
words, a matching function λ is defined as

λ(m) =

{
n if xm is matched to yn,
0 if xm is unmatched. (4)

The optimal matching function λ∗ can be obtained by minimizing a
cost function, given by

λ∗ = argmin
λ

 ∑
m:λ(m)>0

d(m,λ(m)) +
∑

m:λ(m)=0

c(m)

 , (5)

where d(m,λ(m)) is the matching cost and c(m) is the unmatch-
ing cost. As the matching cost d(m,λ(m)), we use the Hamming
distance between the ternary frame descriptors of xm and yλ(m),

d(m,λ(m)) = dH(T(xm),T(yλ(m))). (6)

The unmatching cost c(m) imposes a penalty for an unmatched
frame, which is necessary for avoiding the trivial solution that all
frames are unmatched. Notice that xm and yn can be matched by
the optimal matching function λ∗, only if d(m,n) < c(m).

It is hard to determine a fixed unmatching cost that is appropriate
for various near-duplication types. Suppose that two videos are visu-
ally quite different but contain the same contents. Since most match-
ing candidates yield high costs, we need an even higher unmatching
cost. In contrast, if two videos are almost identical, we require a
low unmatching cost. Therefore, we determine the unmatching cost
adaptively according to video contents.
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Fig. 3. An example of the frame matching: (a) the best κ frames with
the smallest matching costs for each frame in X in the 2D matching
grid, (b) the initial matching functions, (c) the optimized matching
functions after the iterative refinement.

For frame xm, we calculate its matching costs to all frames in Y
and obtain Dm = {d(m, 1), d(m, 2), ..., d(m,N)}. Then, we sort
the costs in Dm in the increasing order and denote the sorted indices
as i1, ..., iN . We find the maximally increasing index by

δ∗ = arg max
δ∈{2,...,N}

(d(m, iδ)− d(m, iδ−1)) . (7)

We then define the adaptive unmatching cost c(m) for frame xm

as the average of the two consecutive matching costs, causing the
maximal increasement, i.e.

c(m) =
d(m, iδ∗) + d(m, iδ∗−1)

2
. (8)

3.2. Initial Matching

We obtain initial matching functions between X and Y . For each
frame in X , we find the best κ frames in Y to yield the smallest
matching costs, where κ is set to 3 empirically. We construct a 2-
dimensional matching grid, in which the x-axis and the y-axis rep-
resent the indices of the frames in X and Y . As in Fig. 3(a), we
plot the points, corresponding to the pairs of matching frames, on
the matching grid. Matching subsequences tend to form lines in the
grid. Therefore, we detect lines using the Hough transform [20].
Consequently, we have the initial matching functions (λInit

1 , ..., λInit
Z ),

the angles (θ1, ..., θZ ) and y-intercepts (ρ1, ..., ρZ ) of detected lines,
where Z is the number of the detected lines.

Fig. 3(b) shows initial matching results, in which many frames
are unmatched. Since frame rates and sampled frames of videos may
be different, it is hard to find dense matching at once using the Hough
transform. We hence iteratively refine matching functions to achieve
dense matching, as described in Section 3.3.

3.3. Iterative Matching Refinement

Let us consider a frame, xm, which is located within the x-axis range
of line z. To obtain its matching result λz(m), we estimate the initial
matching vector

αz(m) = m · (tan θz − 1) + ρz, (9)

where tan θz is the ratio of the frame rates of Y and X . To reduce
the initial matching error and alleviate the effect of sampling errors,
we expand the matching vector αz(m) to its neighbors up to βz

displacements. Specifically, we set βz by

βz =

{
⌊tan θz⌉ if θz ≥ π

4
,

⌊ 1
tan θz

⌉ otherwise, (10)

where ⌊·⌉ is the round-off operator. Then, we find n∗ that minimizes
d(m,n) by

n∗ = arg min
m+αz(m)−βz≤n≤m+αz(m)+βz

d(m,n). (11)

As mentioned previously, our objective is to minimize the cost func-
tion in (5), and thus the matching should be allowed only if the
matching cost is smaller than the unmatching cost. Thus, we refine
the matching function by

λz(m) =

{
n∗ if d(m,n∗) < c(m),
0 otherwise. (12)

This procedure is repeated until

Z∑
z=1

∑
m

|λ(t)
z (m)− λ(t−1)

z (m)| = 0, (13)

where t is an iteration index, and the inner summation is over the x-
range of line z. Finally, we obtain the refined matching functions
λ∗
1, ..., λ

∗
Z , and combine them to obtain the final matching func-

tion λ∗. Fig. 3(c) shows the final matching function. Notice that
the proposed refinement scheme decreases the cost function in (5)
monotonically at each iteration. Thus, it is guaranteed that the iter-
ative refinement converges to a local minimum of the cost function.
Moreover, as shown in Section 4, the proposed algorithm provides a
solution, which is almost as efficient as the globally optimal solution
of the dynamic programming, at a much lower complexity.

4. EXPERIMENTAL RESULTS

We collect the test database of video clips from video-sharing web-
sites YouTube [1], Vimeo [2], and Soku [21]. The average length
of these test videos is about three minutes, and their spatial res-
olutions vary from 320×240 to 640×480. The database contains
various near-duplication types, including subtitle/logo, contrast en-
hancement, lighting, cropping, resolution variation, and flopping.

We preprocess the videos to remove borders. Border insertion
is one of the most frequent near-duplication types, but its removal is
relatively easy. We eliminate borders by inspecting pixel positions
whose luminance intensities are constant throughout the sequence.

4.1. Efficacy of Ternary Frame Descriptor

To evaluate the efficacy of the proposed ternary frame descriptor, we
form 100 test sets, each of which consists of 5 near-duplicate videos.
From each video, 20 frames are sampled. Thus, 10,000 frames are
used in total. We match frames with threshold adjustments. Note
that near-duplicate frames should be matched to each other. At each
threshold, the precision and recall rates are computed, which are de-
fined as

Precision =
Number of true detected matches

Number of detected matches
, (14)

Recall =
Number of true detected matches

Number of true matches
. (15)

We compare the proposed ternary frame descriptor with the Yeh
and Cheng’s global descriptor [11], the binary descriptor, and the
RGB color histogram. In the binary descriptor, binary relations,
instead of ternary relations, are used for the relative description of
patches. In the RGB color histogram, each color channel is quan-
tized into 16 levels. Thus, the histogram is 48-dimensional. For
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(a)

(b)

Fig. 4. Exemplar matching results for different near-duplication types. (a) Logo insertion and tone mapping. (b) Subtitle/logo insertion and
resolution degradation. In each sub-figure, the top row is a reference video, the middle row shows initial matching results, and the bottom
row shows final matching results. White rectangles are unmatched frames, and frames with dotted boundaries are mismatched ones.
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Fig. 5. Precision-recall curves with threshold adjustments.

all the descriptors, the same border removal scheme is applied as a
preprocessing step.

Fig. 5 compares the precision-recall curves. The proposed
descriptor outperforms the conventional descriptors significantly.
While the conventional descriptors are vulnerable to near-duplication
processes, the proposed descriptor detects near-duplicate frames re-
liably and suppresses the false detection of irrelevant frames.

4.2. Frame Matching Performance

We use 500 pairs of near-duplicate videos to assess the frame
matching performance. We compute the precision and recall rates
of matching results, by comparing them with manually obtained
ground-truth correspondences. Also, we quantify the computational
complexity, by averaging the execution times for matching the 500
pairs of videos.

The proposed frame matching algorithm is compared with the
dynamic programming technique [9], which yields the globally op-

Table 1. Comparison of frame matching performances
Precision Recall Time (s.)

Dynamic programming [9] 0.96 0.97 0.102
Proposed algorithm 0.99 0.94 0.028

timal solution. Table 1 compares the precision rates, the recall rates,
and the computational complexities. The proposed algorithm pro-
vides comparable precision and recall rates to the dynamic program-
ming, while demanding significantly less computations.

Fig. 4 shows examples of matching results of the proposed al-
gorithm. The initial matching results are not accurate and do not
include all corresponding frames due to logo and subtitle insertion,
tone variation, and resolution degradation. However, after the itera-
tive refinement, the proposed algorithm provides precise and dense
matching results.

5. CONCLUSIONS

We proposed the ternary frame descriptor for near-duplicate video
matching. Specifically, we partitioned a frame into patches and de-
scribed the order relations of patch intensities with ternary digits,
which were converted into bits for fast similarity measurement us-
ing the Hamming distance. Moreover, we developed an efficient and
precise frame-level matching algorithm. We first formulated a cost
function for the matching, composed of matching costs and adap-
tive unmatching costs. Then, we roughly determined initial match-
ings and refined those matchings iteratively to reduce the cost func-
tion monotonically. Experimental results demonstrated that the pro-
posed ternary descriptor performs better than the conventional de-
scriptors [11] and that the proposed matching algorithm achieves
competitive performance with the global optimization technique [9],
while demanding a significantly lower computational complexity.
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