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1 Introduction

With the rapid development of network and multimedia technologies, users can easily generate, store,

and share multiple video contents through the Internet. Similarly, numerous illegal and useless near-

duplicate videos generated through simple reformatting, transformation, and editing appear on the web.

These near-duplicate videos inconvenience users when they are surfing the Internet and are considered an

infringement of copyright. Robust video hashing, which is also called video fingerprinting, does not require

access to video contents at the time of creation and can be used to detect existing contents. In general,

robust video hash is a short digest extracted from a video; however, it is robust to content-preserving

attacks such as noise, logo addition, and contrast change. That is, similar to a human fingerprint that

identifies a specific person, video hashing can classify video contents by extracting and comparing short

digests. As such, video hashing is a feasible means to detect near-duplicate videos.

The spatial information in each video frame generally represents image content in 2D, whereas temporal

evolution denotes temporal information in the third dimension. The main rationale behind spatiotemporal-

based methods is that they take a short video clip as a 3D cube to which some signal processing tools

(e.g., DCT, RBT, and wavelet) are applied to fuse spatial and temporal information. These methods

primarily consider the relation and structure along the axis direction in 3D space, in which contents may

only change slightly because the objects in a short video clip nearly remain in the same position in adja-

cent frames. As we all know, as the number of content changes is small, the amount of information is also

assumed to decrease. Consequently, existing spatiotemporal methods cannot capture rich information.

On the other hand, in most cases, users first focus on the center of an image where visual saliency com-

monly appears. Users then gradually look at the entire image. This situation looks like a stone dropped

in the water, and the water ripples spread like rings. So the ring partition performed on an image along

the direction of radius is close to the perception of the human visual system. Furthermore, the content

or object of an image always changes from the center to boundary. Inspired by these situations and the
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Figure 1 Flowchart of the proposed method.

Figure 2 Sphere partition in video cube. Figure 3 Schematic of constructing a spatiotemporal

image.

ring partition in image, we use spherical torus in a video cube to capture spatiotemporal information

and propose a robust video hashing method based on this torus to overcome the limitations of existing

methods based on spatiotemporal information. Generally, the main contributions of the proposed method

are the following:

(1) We combined the spatial and temporal information using a spherical torus, which can capture more

content changes to represent the corresponding video clip. In the proposed method, spatial and temporal

information are fused along the tangent planes of a sphere, which can capture more content changes in

temporal evolution than the existing fusion method.

(2) The direction of collecting features in the proposed method is from the center of sphere spreading to

the inscribed sphere in the video cube, which is more close to human visual system. The most important

or rich scene may occur around the middle of video clip. So the proposed method can collect as much

important information as possible in video clip.

2 Overview of the proposed method

Figure 1 shows the flowchart of the proposed method. First, to handle all videos similarly and enhance the

security of the proposed method, we implement a preprocessing strategy. We experimentally predetermine

a desired video with a total of K frames through temporal sampling, which produces a normalized video

V ∈ ℜI×J×K , where I and J are the height and width of the frame, respectively. We then select

the locations of L overlapping sub-cubes Vi ∈ ℜQ×Q×Q based on a key and spatial sampling, where

i = 1, 2, · · · , L and Q < min{I, J}. Second, each video cube is partitioned into different spherical tori

(Fig. 2), which are then projected onto a spatiotemporal image that contains the spatial and temporal

information of the corresponding video. Fig. 3 presents the cross-sectional view of this process. Finally,

hashes are generated by applying non-negative matrix factorization (NMF) to the spatiotemporal image.

In general, the steps of the proposed method is summarized in algorithm 1.

3 Experimental results and analysis

3.1 Experimental setting

The videos used in the experiments were downloaded from CC WEB VIDEO (vireo.cs.cityu.edu.hk/webvideo)

and OV (www.openvideo.org) data sets. A total of 1,200 original videos with different contents were in-

cluded in our database. Different types of modifications were applied to each video; hence, approximately

10,000 videos were used for the experiments. Parameters K, Q, and L were set to 400, 64, and 8, respec-
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Algorithm 1 The proposed algorithm

Input: Query video Vq ;

Output: Hash vector H;

1: Preprocessing: To make sure that all videos are handled similarly, we convert the query video Vq into a normalized

video V ∈ ℜI×J×K , where I, J and K are the frame height, width and number of the frames, respectively. We then

select the locations of L overlapping sub-cubes Vi ∈ ℜQ×Q×Q based on a key and spatial sampling, where i = 1, 2, · · · , L
and Q < min{I, J};

2: Spherical torus generation: For each overlapping video cube, the entire cube is partitioned into a few spheres

according to different radii, and the obtained spherical tori are projected onto a spatiotemporal image;

3: NMF: NMF is applied into the matrix of the obtained spatiotemporal image, and then concatenate all columns in

coefficient matrix after executing NMF to acquire the desired hash vector of video cube;

4: Final hash generation: Concatenating the hash vectors of all the video cubes to get the final hash vector H.

tively. The number of spherical tori was 32, and the NMF rank was 2. Hence, the length of the final hash

was 64× 8 = 512. The D-score, F-score and receiver operating characteristic (ROC) curve were used to

evaluate the performance of different algorithms.

We compared the proposed method with those based on CGO (frame-based), LRTA (spatiotemporal-

based), 3DDCT (spatiotemporal-based) and RHASH (frame-based hashing) methods. Some modifica-

tions, such as (1) noise (Additive White Gaussian Noise (AWGN)), (2) letterbox, (3) contrast change, (4)

picture in picture, (5) random frame dropping, and (6) combination (i.e., blurring, noise, and rotation),

were applied to each video. Fig. 4 shows original frame and some modifications.

3.2 Results and analysis

In the experiments, we use the quantitative and statistical evaluations to evaluate the performance of

the proposed method, where D-score and the receiver operating characteristic (ROC) curve are used,

respectively. The miss and false alarm probability are considered in the ROC curve. The miss probability

is defined as the probability of true near-duplicates without detection, whereas false alarm probability is

defined as the probability of false positive cases that are actually negative cases. Besides, F-score is also

used in the statistical evaluations.

3.2.1 Quantitative Evaluation

D-score is a popularly used quantitative measure that is defined as follows:

D =

1
N

N∑
i=1

||H(Vi)−HA(Vi)||

N(N−1)
2

N∑
i=1

N∑
j=1,j ̸=i

||H(Vi)−HA(Vj)||
(1)

where H(V ) and HA(V ) define the hash vector of the original video and modified video, respectively.

N is the amount of the test videos. The D-score represents the ratio of the distance between visually

similar videos and between the visually different videos. A smaller D means better performance of the

algorithm. The D-score results under various modifications are shown in Table 1, where the best D-score

value is shown in bold face. From Table 1, it is easy to find that the proposed method achieves the best

performance under most modifications, which means that the proposed method does be very effective.

3.2.2 Statistical Evaluation

Figure 5 shows the ROC (Log) curves under different modifications, and we can see that the performance

of the proposed method exhibits superior performance than other methods under most of modifications.

It is an undeniable fact that the performance of the proposed method is a bit worse than others in some

cases which can be seen in the right section of the curve in Fig. 5(b) and (e), but we still get an acceptable

performance of the proposed method.
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Figure 4 The modifications on the original frame.

Table 1 D-score Reuslts

modification proposed method CGO LTRA 3DDCT RHASH

Picture in picture 0.0451 0.1612 0.0691 0.2541 0.0681

Blur 0.1055 0.2865 0.0424 0.0055 0.0629

Logo insertion 0.0537 0.1992 0.2008 0.3100 0.3247

Noise 0.4918 0.7013 0.7202 0.4921 0.4889

Contrast change 0.0455 0.1992 0.3885 0.1680 0.4964

Letter box 0.0579 0.1992 0.2163 0.0839 0.1287

Frame change 0.1411 0.8195 0.7215 0.7360 0.4692

Affine 0.8211 1.1605 0.5417 0.7522 0.4806

Combined modifications 0.2508 0.7007 0.7183 1.0344 0.4937
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Figure 5 The performance (ROC (Log)) under different modifications: (a) AWGN; (b) Picture in picture; (c) Contrast

change; (d) Random frame dropping; (e) Letterbox; (f)Noise+blur+pip+caption insertion.
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Figure 6 The F-score under different modifications (The X-axis is logarithmic coordinates): (a) Noise; (b) Blur; (c)

Letter-box (d) Random frame dropping; (e) Contrast change; (f)Noise+logo insersion+picture in picture.

Table 2 Maximum F-score Results

modification Proposed method LTRA 3DDCT CGO RHASH

Noise 0.8175 0.5650 0.7095 7853 0.8161

Blur 0.9743 0.5110 0.9996 0.9645 0.9928

Letter box 0.9807 0.9752 0.9738 0.9801 0.9511

Contrast change 0.9844 0.8855 0.9731 0.9837 0.7827

Frame change 0.9612 0.2695 0.7148 0.7083 0.8219

Combined modifications 0.9242 0.5727 0.5745 0.7821 0.7873

In order to show the combined performance on robustness and discrimination, F-score which is a single

combined metric is used for evaluation in this study, and it is defined as follows:

Fβ = (1 + β2)
Pp ∗ Pr

β2Pp + Pr
(2)

where Pp and Pr are the precision and recall rate. β is a parameter that defines how much weight

should be given to recall versus precision. F-score is between 0 and 1, and larger values represent higher

performance on both robustness and discrimination. Here, we use β = 0.5. Fig. 6 shows the F-score

versus different thresholds. Usually, the curve of F-score with higher peak means better performance.

It can be seen that the F-scores of the proposed method are outperform the ones of others under most

of cases. In the real application, we more fucus on the maximum F-score value, because we usually

use the threshold which leads to the maximum F-score to determine a query is a near-duplicate or not.

Therefore, Table 2 shows the maximum F-score of different methods under the modification depicted in

Fig. 6, which also indicates the better performance of the proposed method.

4 Conclusion

In this study, a video hashing algorithm is proposed based on spherical torus and NMF. In the proposed

approach, a spatiotemporal image is established by generating spherical torus, which links spatiotemporal
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characteristics with one another. NMF is then employed to reduce dimensionality. The main contribution

of the proposed method is that the spherical torus partition is used to capture richer spatiotemporal

information of video content, which can lead to better performance in near-duplicate video detection

especially for the discrimination ability, and the experimental results prove that.


