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Abstract. Nowadays, Internet makes it easy for us to share all kinds
of information. However, violent content in web has harmful influence
on those who lack proper judgment, especially teenagers. This paper
presents an approach for detecting violence in videos, where Discrimina-
tive Slow Feature Analysis (D-SFA) is introduced to learn slow feature
functions from dense trajectories derived from videos. Afterwards, with
the learnt slow feature functions, the Accumulated Squared Derivative
(ASD) features are extracted to represent videos. Finally, a linear sup-
port vector machine (SVM) is trained for classification. We also construct
a Violence Video (VV) dataset which includes 200 violence samples and
200 non-violence samples collected from Internet and movies. The exper-
imental results on the newly established dataset demonstrate the effec-
tiveness of the proposed method.

Keywords: violence detection, discriminative slow feature analysis,
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1 Introduction

With the rapid growth of social network websites, such as Facebook, Twitter,
and Youtube, etc., a large number of videos are being uploaded everyday. As we
enjoy useful information conveniently from these websites, some videos including
violence can also be accessed by users. For those who lack proper judgment, e.g.,
children, teenagers, exposure to violent content can lead to aggressive behavior
or even crime resulting from imitating what they see in those harmful sources.
It is therefore obvious that the need of protection of such sensitive social groups,
using efficient, automatic, content-based violence detectors, is imperative.

Violence detection is very important, although it’s not a hot topic in computer
vision. Some approaches have already been proposed to address this problem.
In [1], Giannakopoulos et al. used eight audio features, both from the time and
frequency domain, as the input to a binary classifier which decides the video con-
tent with respect to violence. Then, they extended their work to a multi-class
classification problem using Bayesian networks [2]. Gong et al. [3] proposed a
three-stage method integrating visual and auditory cues to detect violent scenes
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in movies. Their approach detects various high-level audio effects related to vio-
lence to improve the accuracy. Lin and Wang [4] presented a weakly-supervised
audio violence classifier combined with a motion, explosion and blood video clas-
sifier in a co-training way to detect violent scenes in movies. Giannakopoulos et
al. [5] put forward a method for violence detection in movies based on the statis-
tics of audio features, average motion and motion orientation variance features
in video.

In summary, these previous works generally require audio cues for detecting
violence. However, audio is not always available in real applications, particularly
in some visual surveillance scenarios. Moreover, audio sometimes provides in-
consistent information so that the detection result is not reliable. Thus, in this
paper, we focus on detection of violence in videos using single visual cues in
those cases.

In this paper, we present a new approach for detecting violence in the Slow
Feature Analysis (SFA) [6] framework. The discriminative SFA (D-SFA) learn-
ing [7] which takes the supervised information into original SFA is adopted for
violence detection. The main contribution of this work is two-fold: one is the
establishment of a new violence video dataset, including 200 positive and 200
negative samples, which provides a public platform for evaluating the violence
detection algorithms, and the other is the D-SFA based violence detection al-
gorithm, where dense trajectories are extracted to form the input of D-SFA
learning. Instead of the representation based on local spatial-temporal interest
points, dense trajectories obtained by tracking interest points through image se-
quences can provide richer motion information of the video [8]. Experiments on
the newly built database demonstrate the effectiveness of the proposed method.

The remainder of this paper is organized as follows. In Section 2, we present
our approach for violence video detection in details. In Section 3, we introduce
the newly built violence video database, and the experimental results. Section 4
concludes this paper.

2 Violence Video Detection

The flowchart of our method is presented in Fig.1. Firstly, dense trajectories are
extracted by computing dense optical flow field. Then, the D-SFA is performed
to obtain discriminative slow feature functions from training cuboids sampled
from dense trajectories. Afterward, the ASD feature is calculated to represent
each video clip. Finally, we use a linear SVM for classification.

2.1 Extraction of Dense Trajectories

Feature trajectories have shown to be efficient for representing videos. To extract
dense trajectories, we use the method in [8] which is robust to fast irregular
motions and shot boundaries. We sample dense points from each frame and
track them based on displacement information from a dense optical flow field.
Dense trajectories are extracted for multiple spatial scales. Feature points are
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Fig. 1. The overview of our approach

sampled on a grid spaced by 5 pixels and tracked in each scale separately. We
used 8 spatial scales spaced by a factor of 1/

√
2. Each point Pt = (xt, yt) at

frame t is tracked to the next frame t+ 1 by median filtering in a dense optical
flow field ω = (ut, vt),

Pt+1 = (xt+1, yt+1) = (xt, yt) + (M ∗ ω)|(x̄t,ȳt) (1)

where M is the median filtering kernel, and (x̄t, ȳt) is the rounded position of
(xt, yt). Once the dense optical flow field is computed, points can be tracked very
densely without additional cost. Points of subsequent frames are concatenated
to form a trajectory:(Pt, Pt+1, Pt+2, ...). To extract dense optical flow, we use
the algorithm of Farneback [9] as implemented in the OpenCV library.

2.2 Collection of Training Cuboids

Given a trajectory of length l, in each frame, a local patch centered at the
corresponding trajectory point with the size of h×w is obtained. Then, a cuboid
(or patch sequence) is constructed with the size of h×w× l (15× 15× l in this
paper). According to [7], we concatenate Δt = 3 successive patches to form
an input vector of SFA learning, then each cuboid is represented by a vector
sequence with the time length of l − Δt + 1 . Fig.2 presents the construction
process of cuboids.
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Fig. 2. The construction process of cuboids

2.3 Slow Feature Function Learning

Slow feature analysis (SFA) [6] extracts slowly varying features from a quickly
varying input signal. Recently, Zhang and Tao [7] take into account the label
information of training samples and propose D-SFA for action recognition. Math-
ematically, D-SFA is defined as follows:

Given C classes of I-dims input signals {xc(t) = [xc1(t), ..., xcI(t)]|c ∈ {1, ...C}}
with t ∈ [t0, t1] indicating time, for the c-th class, D-SFA finds a set of J-dims
input-output functions gc(x) = [gc1(x), ..., gcJ (x)]

T to minimize

Δ(gcj(xc))− γ ∗Δ(gcj(xc′)) (2)

subject to:
〈gcj(xc∪c′)〉t = 0 (i.e., zero mean) (3)

〈
[gcj(xc∪c′)]

2
〉
t
= 1 (i.e., unit variance) (4)

∀j′ < j : 〈gcj′(xc∪c′)gcj(xc∪c′)〉t = 0 (i.e., decorrelation) (5)

where 〈y〉t is the mean of signal y over time and γ is the tradeoff parameter.
If the transformation is linear, i.e., gcj(x) = wT

cjx, wherein x is the input
and wcj is the weight, the solution of D-SFA is equivalent to the generalized
eigenvalue problem [6]. To obtain nonlinear slow feature functions, we further
perform the nonlinear expansion according to [7] before the D-SFA learning.
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2.4 Feature Representation

According to Section 2.2, for each trajectory with the length of l, one cuboid with
the time length of l−Δt+1 is obtained by reformatting the local patch sequence.
With the learnt slow feature functions, each input sequence is transformed to a
new vector sequence with the size of K × (l−Δt+1), wherein K is the number
of the learnt slow feature functions. For cuboid Ci and slow feature function Fj ,
the squared derivative vi,j is

vi,j =
1

l −Δt

l−Δt∑
t=1

[Ci(t+ 1)⊗ Fj − Ci(t)⊗ Fj ]
2 (6)

where ⊗ is the transformation operation (if linear transformation, the operation
is inner product; otherwise, before the inner product, Ci is firstly transformed
by a non-linear expansion). The ASD feature is formed by accumulating the
squared derivatives over all cuboids,

fASD =

N∑
i=1

Vi (7)

whereN is the total number of cuboids in current snippet, and Vi =< vi,1, vi,2, ...,
vi,K>T .

The number of cuboids collected in a snippet may differ from that in another
snippet, so we perform the L1 normalization to normalize the feature vector.
After the computation of the ASD feature, the LIBSVM [10] with the linear
kernel is adopted for violence/non-violence classification.

3 Experimental Results

3.1 Evaluation Dataset

To our knowledge, there is not a well-known public database for violence detec-
tion. To evaluate the performance of our approach, we collect 200 violence videos
and 200 non-violence videos from movies and the Internet to form a dataset
named the Violence Video (VV) dataset. The videos cover a wide range of cate-
gories, e.g., news, surveillance scenes, sports, movie scenes, etc. The duration of
each video is generally less than 60s and the resolution has been normalized to
320× 240 pixels. Key frames representing samples of violence and non-violence
videos are shown in Fig. 3, respectively. For the research purpose, the VV dataset
will be published online soon.

3.2 Experimental Setting and Results

For D-SFA learning, 5000 training trajectories per class are randomly selected
and the tradeoff parameter γ is set as 0.2. In this paper, we use the quadratic
expansion to learnt non-linear slow feature functions. The first 200 functions per
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(a) violence video samples

(b) non-violence video samples

Fig. 3. Video samples in the VV dataset

class are obtained for computing ASD features. Accordingly, the dimensionality
of the ASD feature is equal to 400 (i.e., 200 × 2 for two-class problem here).
Here, the ASD feature is computed by three strategies:

(a) For each video, one ASD feature is calculated over all trajectories in the
video.

(b) For each frame in one video, one ASD feature is calculated over all tra-
jectories ending in the frame.

(c) For each video, ASD features is calculated over all trajectories ending in
a sliding window (window size = 10 and step length = 5).

For the last two feature computing strategies (b) and (c) by which one class
label can be obtained per frame or every 10 frames, the majority voting rule
is accordingly adopted to determine the label of a whole video (i.e., violence or
non-violence).

For SVM classification, each time the dataset is splited into a test set with
20 violence videos and 20 non-violence videos selected randomly, and a training
set with the remaining 360 videos. We calculate the average performance over
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Table 1. Performance of the D-SFA+ASD feature for violence detection

Methods Accuracy (%)

D-SFA+ASD+SVM (a) 91.92 ± 4.29
D-SFA+ASD+SVM+Voting (b) 93.07 ± 4.64
D-SFA+ASD+SVM+Voting (c) 93.60 ± 3.91

100 random splits. The mean classification accuracies and the corresponding
standard deviations are shown in Table 1. From this table, the strategy (c)
achieves the highest accuracy, which suggest that the dense trajectories in a small
sliding window (e.g., 10 frames) are sufficient to calculate a stable statistical
feature (ASD feature), while the voting can further enhance the robustness of
the final decision.

3.3 Comparison and Analysis

For comparison, we perform Spatial Temporal Interest points (STIP) +
HOG/HOF features [11], which is a state-of-the-art method for action recog-
nition. Firstly, a set of STIPs are detected by 3D Harris corner detector. Then a
codebook (400 codes) is learned by the k-means clustering from 200,000 sampled
STIPs. Finally, the Bag-of-Words (BoW) model is calculated for representing
each video. The results of the BoW method with 100 splits of training/test sets
is shown in Table 2.

Table 2. Comparison

Methods Performance (%)

STIP+HoG/HoF+BoW+SVM [11] 69.08 ± 6.38
D-SFA+ASD+SVM (a) 91.92 ± 4.29

As shown in Table 2, the proposed method achieves much higher accuracies
than the BoW method. The BoW method fails to obtain a high performance,
because the intra-class variance in the VV dataset is very large, where both
motion directions and magnitudes in violence videos are varying irregularly. In
contrast, D-SFA extracts discriminative slow variant motion patterns hidden in
dense trajectories and the ASD features can effectively encode the magnitude of
the motion patterns existing in violence videos. Therefore the D-SFA+ASD can
achieve better performance for violence detection.

4 Conclusions

In this paper, we have proposed a method for detecting violence by slow feature
analysis. The D-SFA is performed to learn the slow feature functions that can
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encode the discriminative information of violence and non-violence videos. The
ASD features are computed to represent the video and a linear SVM is used for
classification. To evaluate the effectiveness of our proposed method, the experi-
ments have been conducted on a newly built violence video dataset. The results
have shown that our approach achieves a promising performance.

In future work, we will continue to refine and enlarge our violence video
database by collecting more diverse and representative violence videos, so that
we can evaluate the violence detector more fairly.
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