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Violent image annotation using ensemble learning

YAN Liang, ZHOU Xin, HE Xiaohai', XIONG Shuhua, QING Linbo
(School of Electronic Information, Sichuan University, Chengdu Sichuan 610065, China)

Abstract: In order to reduce the negative impact of the horror image on social development and
adolescent growth, a violent image annotation algorithm based on ensemble learning is proposed, assisting
in screening out the horror information in the webpage. The annotation of violent image is considered as a
multi-label classification problem in this method. Multiple sub-networks are trained through transfer
learning, and then the ensemble learning is introduced to fuse the outputs of sub-networks. In the process
of fusion, weights are allocated according to the precision of each label on different networks, thus the
annotation result is obtained through a series of matrix operations. The experimental results show that the
proposed method achieves a great improvement in precision and recall than traditional machine learning
algorithm, and also improves the problem that the precision of model annotation on different labels varies
greatly due to the label category imbalance.
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Fig.1 Block diagram of automatic annotation algorithm for violent images
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Fig.3 Examples of violent image dataset
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Tablel Frequency statistics of violent elements

violent elements crowd fire smoke warship armored vehicle airplane knife gun blood cannon
frequency 225 368 339 214 234 211 227 229 214 210
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Table3 Performance comparison of image annotation methods

dataset algorithm P/% R/% F1/% Er/% t's
SVM 58 43 49 59 0.42
S C45 43 33 37 62 0.08
violent image KNN 58 30 39 56 0.24

dataset

CNN 78 71 73 31 2.08
proposed method 84 73 79 26 20.80

FF-CNN 41 37 39 - -

Corel SK VSE+2PKNN-ML 41 52 46 - -
proposed method 43 49 46 - 26.03
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Fig.5 Performance comparison of various algorithms on different label categories
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Table4 Examples of violent image annotation

examples
ground truth knife warship airplane gun fire airplane
SVM none warship none crowd
C4.5 airplane gun none crowd crowd
KNN crowd warship crowd crowd
CNN knife gun warship knife gun fire smoke
proposed method knife warship airplane gun fire
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