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Abstract. School violence has become more and more frequent in today’s
school life and caused great harm to the social and educational development in
many countries. This paper used a MEMS sensor which is fixed on the waist to
collect data and performed feature extraction on the acceleration and gyro data
of the sensors. Altogether nine kinds of activities were recorded, including six
daily-life kinds and three violence kinds. A filter-based Relief-F feature
selection algorithm was used and Radia Basis Function (RBF) neural network
classifier was applied on them. The results showed that the algorithm could
distinguish physical violence movements from daily-life movements with an
accuracy of 93%.
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1. Introduction

School violence is a worldwide problem, and relevant survey data showed that 50%
of the students admitted to the existence of bullying behavior, whereas 47% of the
students confirmed that they have been hurt by verbal bullying or physical violence. It
has caused many students to fear campus life and serioudly affects students' physical
and mental health as well as their studies. Throughout recent years, thereis a common
problem of many campus violence that bullied students are inflicting psychological
shadows on their young hearts because they are afraid or threatened not to inform
parents or teachers about their being bullied. Traditiona campus monitoring has the
problem of blind area because of geographical location restriction, and cannot realize
active detection so asto prevent violence efficiently.

With the development and popularization of various smart wearable devices,
smartphones and bracelets have become the most common wearable sensor devices.
These devices have built-in sensors, including optical sensors, inertial sensors
(accelerometers and gyroscopes), GPS locators, and so on. Many scholars use these
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technologies to identify human daily behaviors and recognize complex behaviors. In
this situation, the study of active detecting of school violence has come into being.
We use active sensors which are built into wearable devices on the students to
actively detect campus violence in real time and transmit the results to teachers or
parentsin an active and timely manner. This active detection avoids being bullied and
undiscovered, and can solve school violence problems in a timely and effective
manner.

The remainder of this paper is organized as follows: In section 2, we review the
related work on activity recognition; in section 3, we describe the entire system
framework and physical bullying detection agorithm; in section 4, we present the
classification results; and the conclusion is given in Section 5.

2. Activity Recognition

Study of school bullying was originally initiated by some European scholars for
passive methods. Along with the popularity of smartphones on campus, there have
been a number of school bullying detection schemes which are based on the
intelligent mobile phone. For example, "Stop Bullies': there is a shortcut key on the
mobile phone, we can press this key to send photos of the incident location and
geographical location to the intended recipients when suffered bullying. However, a
common drawback of these detection schemes is passive detection, the victims are
often too late to operate or dare not to operate when they are suffering from bullying,
which greatly reduces the detection rate and does not solve school bullying in atimely
and effective manner.

With the development of pattern recognition technology, great progress has been
made in the field of physical activity recognition. The physical activity recognition
system using single or multi-sensors is used in real life. Some scholars have used the
accelerometer to obtain good results in many fields. Reference [1] used a three-axis
accelerometer to propose an accurate physical activity recognition system for medical
monitoring and rehabilitation. A patient wore a wireless acceleration sensor to
identify six daily movements and transition events. Feature selection was performed
using SFFS and the naive Bayes and KNN classification algorithms were adopted.
The recognition accuracy rate was 95%. In addition, PA (Physical Activity)
recognition systems based on hand-held mobile terminals have become a research
hotspot [2]-[5]. In [6], accelerometers and gyroscopes in smartphones were used to
identify daily activities, and the recognition accuracy could reach about 85%.
However, considering the battery capacity and memory size of handheld mobile
terminals, reducing the complexity of the algorithm has also become the optimization
goal for many scholars [7]. Multi-sensor data fusion enables a more comprehensive
capture of human movements compared with a single sensor [8]-[12]. This paper
proposes a posterior-adapted class-based fusion of multi-accelerometers data
algorithm by using waist and leg sensor data. The results show that the recognition
accuracy isimproved compared with a single sensor.
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3. Methods

The system framework includes data collection and preprocessing, feature extraction,
normalization, feature selection and classifier design. This study considers time
efficiency and resource utilization. Algorithm complexity is priority for the design of
feature selection algorithms and classifiersin this paper.

3.1. Data Acquisition and Pre-processing

The background of this research project is for the campus violence scene. In order to
simulate campus violence scenes more redlistically, data acquisition was performed
indoors with protective gears and motion sensors. Data acquisition consisted of ten
subjects who were asked to perform six types of daily-life activities (jump, play, run,
walk, stand, and fall-down) and three bullying activities (beat, push, and push-down).
The position of the motion sensor on the waist is shown in Fig. 1.
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Fig. 1. The process of data acquisition

The sensor sampled data at a sampling rate of 50 Hz and included tri-axial
accelerometer and tri-axial gyroscope signals. In the process of data acquisition, we
recorded video to remove non-experimental data to establish a database of bullying.
In addition, the raw data was smoothed by using wavelet filtering because it contained
random noise and jitter noise. The y-axis of the tri-axial accelerometer and the
gyroscope is the vertical direction, and the x-axis and the z-axis are the horizontal
directions. For the acceleration, the x-axis and the z-axis are combined in the
horizontal direction, i,e.,

ACC, . = (ACC,_ . (i)*+ ACC,_. (1))* @

Hori x—axis

For the gyroscope data, it is combined as follows.
Gyro= (Gyro, . (i)* +Gyro, ,..(i)* +Gyro, . (1)*)*° @
After the preprocessing of these data, these signals are segmented into windows

with a 50% overlap between two consecutive windows. In this case, every decision
made on the activity is for the duration of the window.
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3.2. Feature Extraction

After data pre-processing, alarge set of features were extracted from the each window
for the ACC,.aiss ACCHori, Gyro. First, feature extraction is performed within each
window of the data in the time domain, and then FFT is carried out to extract the
features in the frequency domain.

Table 1 lists the extracted features from each window. These features were based
on previous PA research [14]-[16].

Table 1. List of features extracted

No Features count
1 Mean 3
2 Median difference 3
3 Maximum value 3
4 Minimum value 3
5 Differential maximum 3
6 Differential mean 3
7 Standard deviation 3
8 Kurtosis 3
9 Skewness 3
10 Cross-correlation of ACC axis 3
11 25" percentile 3
12 75" percentile 3
13 Zero-crossing rate of ACC axis 3
14 Energy of frequency domain 3
15 Mean of frequency domain 3
16 Median difference of frequency 3
17 Maximum value of frequency 3
Total number of features extracted 51

3.3. Normalization & Feature Selection

Data normalization processing is a basic work of data mining. Different evaluation
indicators often have different dimensions and dimension units. In order to eliminate
the dimensional impact among different indicators, we need to standardize data to
solve the data comparability of indicators. Normalization is required to limit the
feature in a certain range. The Z-score normalization was applied in this paper. For
example, feature y can be normalized by the following formula,

IV 3
o
o

where 9 and o are mean and standard deviation, respectively.
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Feature selection algorithm is one of the most critical steps that affect the
recognition accuracy of the entire system. Selecting good features can increase the
recognition accuracy, but useless features can cause over-fitting and lower recognition
accuracy, and increase algorithm complexity. Therefore, it is necessary to select the
best feature subsets for all the extracted features to classify. The filter-based Relief-F
feature selection algorithm is applied to select the most useful feature set in this study.
This selection agorithm is efficient, ssmple, and feature selection can be performed
without building a classifier. In this article, the data were used to calculate the
correlations between feature and each labelled activity, and then a threshold was set to
select feature subsets with greater correlation for training and testing.

3.4. Classification Algorithms

The design of the classifier needs to consider practical applications and classification
performance. Research work shows that the BP neural network has very limited
learning speed due to its global approaching nature, and it has great limitations in
some cases with high real-time requirements. The Convolutional Neural Network
(CNN) based on deep learning has the advantages of no need to manually select
features and excellent classification performance, but training requires a large amount
of sample data and high performance equipment. Compared with BP and CNN, RBF
has the advantages of simple structure, fast convergence, and ability to approximate
any nonlinear function. The generalized RBF classifier was adopted based on this
project for real-time and data resources. According to the analysis of experimental
results (see Section 4 for details), the RBF has a very high classification performance
and can accurately distinguish between school bullying activity and daily-life activity.

4. Classification Performance

4.1. Evaluation Approach and Indicators

Five-fold cross validation is used to validate the classifier performance. This method
ensures that all data will undergo training and testing, and it can effectively avoid the
occurrence of over-fitting or under-fitting. It can be more persuasive and practical.

The confusion matrix is used to perform a contingency table analysis of the true
class and the predicted class. For each instance, the number of true-negatives (TN),
false-negatives (FN), false-positives (FP) and true-positives (TP) are calculated by
comparing the truth labels and the predictions. The performance of the system can be
evaluated by several parameters such as accuracy, precision, recall and F1-score. The
formulas for these parameters are calculated as follows,
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TP+TN Q)
accuracy =
P+N
. TP ©)
precision = ————
TP+FP
recall = L ©)
TP+FN

The F1-scoreis used to comprehensively consider the accuracy and recal rate, and
it can be calculated by

_ 2 @)
Fl's:ore —_ l—_+_1
precision recall

4.2. Classification Results

The activity recognition conversion matrix is shown in Table 2. The first column of
the table represents the actual activity. The figures in the table represent the
probability that the actual activity is recognized as the activity in the first row, and the
diagonal indicates the accuracy of the activity recognition. Finaly, statistics are
divided into violent activities and non-violence activities. The “push”, “push-down”,
and “beat” are classified as violent activities, while other activities are classified as
non-violent activities. Violent activity recognition confusion matrix is shown in Table
3.

Table 2. Conversion ratio of physical activity recognition (unit: %)

Beat Jump Play Push Run  Stand Wak Push- Fal-

down down
Beat 76.3 0.0 3.0 59 0.0 2.2 4.4 5.9 2.3
Jump 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Play 11 0.0 90.0 33 0.0 0.0 5.6 0.0 0.0
Push 15.7 0.0 29 714 0.0 14 8.6 0.0 0.0
Run 0.0 0.0 0.0 0.0 99.1 0.0 0.0 0.9 0.0
Stand 2.0 0.0 33 0.0 0.0 94.0 0.7 0.0 0.0
Walk 0.0 0.0 1.4 2.1 0.0 0.0 96.5 0.0 0.0
PUh- 456 00 44 89 00 44 00 556 111

down
Fall-

down

12.0 0.0 2.0 6.0 0.0 6.00 4.0 26.0 44.0
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Table 3. Confusion matrix of PA recognition (unit: %)

Non-violence Violence
Non-violence (actual) 92.8 7.2
Violence (actual) 16.2 83.8

The evaluation index can be calculated from the PA recognition confusion matrix.
The recognition accuracy is about 93% and the recall reaches approximately 83%.
The experimental results show that we can distinguish between violent activities and
non-violent activities accurately.

5. Conclusion

School bullying has a great influence on the physical and mental health of teenagers.
This paper proposes an active violence detection algorithm which analyzes the
accelerometer and gyro data collected by sensors. After features extraction and
selection and classifier design, we can distinguish between violent activities and
daily-life activities. Totally nine types of activities were tested, and the average
recognition ratio was approximately 93%. This method can be applied to students
wearable devices with built-in sensors to better protect students and prevent violence
in schools.
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