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Why Detect Violence?
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Why Use Deep Learning?

Getty Images



STATE OF ART



VIOLENCE DETECTION TASK IN MEDIAEVAL 2015

Team CNN Non-CNN Features CNN + Others
Fudan-Huawei [1] 23.5 16.5 27.0
MIC-TJU [2] 17.4 21.8 28.5
RFA [3] 14.2 7.7 8.2
RUCMM [4] 11.8 10.6 21.6
KIT [5] 10.2 8.6 12.9
NII-UIT [6] - 20.8 26.8
UMons [7] 9.67 9.56 -
TCS-ILAB [8] - 6.4 -
ICL-TUM-PASSAU [9] - 14.9 -
RECOD [10] - 11.4 -

Table 1 - Results for the competition are measured in mean average precision (MAP), shown here in percentages.



TEMPORAL
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LOCALIZE
VIOLENCE

Explore and find a 
robust representation 

of the concept of 
violence.

REPRESENT
VIOLENCE

OBJECTIVES AND CONTRIBUTIONS

To reliably detect 
violence, we consider 
the action in relation 

to time.

In some cases, only a 
specific interval of time 

is of interest. So we 
aim to localize them.



DEFINITION OF VIOLENCE

A scene is violent if it contains “physical 
violence or accident resulting in human injury 
or pain”.

1

A scene is violent if it contains physical 
violence which “one would not let an eight-year 
old child see”.

2

Source: Billy Elliot (2000) Source: I Am Legend (2007)



REPRESENTING VIOLENCE

Source: Stefano Massa/Doctorcrowd



REPRESENTING VIOLENCE

Source: Billy Elliot (2000) 



CONCEPTS OF VIOLENCE

Violence

Blood

Cold Arms Fights

Fire

Firearms

Gunshots

Explosions



RELEVANCE OF INDIVIDUAL CONCEPTS

(Percentage of Annotated Shots)

Concept Non violent Violent
Blood 50.94 49.06
Cold Arms 76.06 23.94
Explosions 44.48 55.52
Fights 16.42 83.58
Fire 71.18 28.82
Firearms 66.63 33.37
Gunshots 44.57 55.43

Table 2 - Presence of concepts in violent scenes. Dataset for the MediaEval 2013 VSD Task.



PIPELINE



RELATIVE VIOLENCE

Classifying one scene is ambiguous.

“Humans agree more when they 
make relative statements.”[11]

Source: Billy Elliot (2000) 

Source: Billy Elliot (2000) 



INCORPORATING TEMPORAL INFORMATION

Violence

Blood

Cold Arms Fights

Fire

Firearms

Gunshots

Explosions

Some concepts of violence convey passage of time.



INCORPORATING TEMPORAL INFORMATION

Temporal Robust Features - TRoF
Identify which frames belong to a specific movement
Combine these frames into a single image input



COMBINATIONS

Source: Billy Elliot (2000) 



TEMPORAL INFORMATION IN THE NETWORK

3D Convolutional Neural Network

Source: Ji, Shuiwang et al. “3D Convolutional Neural Networks for Human Action Recognition.”(2010) 



LOCALIZE VIOLENCE

Overlapping Snippets
Varying Lengths
Key frame detection

Source: Moreira, Daniel Henriques “Sensitive-video analysis.” (2016)



CURRENT STATUS

A paper will be presented in the 
2018 ARES/WSDF conference, in 
Hamburg, Germany. 

CURRENT STATUS

Miguel Oliveira



Breaking the concept of violence into 
seven sub-concepts. 

Meta-Classification for Violence. 

Combination of frames detected by TRoF.

CURRENT STATUS

Shawn Hubbard



Hollywood movies 

Training set: 17 movies, 2088 min. 

Test set: 7 movies, 923 min.

DATASET - MEDIAEVAL 2013 VSD TASK

Abbas Momani / AFP - Getty Images



PIPELINE



META-CLASSIFICATION RESULTS

Solution MAP@100 AUC
Original Frames 0.677 0.764
Central Combination 0.682 0.772
Extremities Combination 0.701 0.783
Averages Combination 0.696 0.779
TRoF [12] 0.508 0.722
LIG-Multimodal [13] 0.690 -
Fudan-Multimodal [14] 0.682 -
NII-UIT-Multimodal [15] 0.596 -

Table 3 - Results on the MediaEval 2013 dataset. All multimodal competitors’ solutions employed five or more description 
modalities. Competitors did not report AUC.

CNN: LeNet architecture fine-tuned for each concept.
SVM: Linear, power-mean and rbf kernels. 



How good is each specific 
concept in classifying violence?

Scott Strazzante, The Chronicle



RELEVANCE OF INDIVIDUAL CONCEPTS

Concept x Concept Concept x Violence
Blood 0.724 0.513
Cold Arms 0.740 0.504
Explosions 0.748 0.634
Fights 0.778 0.686
Fire 0.631 0.522
Firearms 0.736 0.501
Gunshots 0.809 0.617

Table 4 - Results for the AUC of each concept when classifying shots by its presence and classifying violence by itself.

Training set: 15 movies, 1839 min.
Test set: 2 movies, 249 min.
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Cold Arms 76.06 23.94
Explosions 44.48 55.52
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