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Abstract: Audio violence detection (AVD) is a hot-topic research area for sound forensics but there are limited AVD researches
in the literature. Our primary objective is to contribute to sound forensics. Therefore, we collected a new audio dataset and
proposed a binary pattern-based classification algorithm.

Materials and method: In the first stage, a new AVD dataset was collected. This dataset contains 301 sounds with two classes
and these classes are violence and nonviolence. We have used this dataset as a test-bed. A feature engineering model has been
presented in this research. One-dimensional binary pattern (BP) has been considered to extract features. Moreover, we have
applied tunable g-factor wavelet transform (TQWT) to generate features at both frequency and space domains. In the feature
selection phase, we have applied to iterative neighborhood component analysis (INCA) and the selected features have been
classified by deploying the optimized support vector machine (SVM) classifier.

Results: Our model achieved 97.01% classification accuracy on the used dataset with 10-fold cross-validation.

Conclusions: The calculated results clearly demonstrated that feature engineering is the success solution for violence detection
using audios.
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BP19: Tek Boyutlu ikili Modele Dayah Dogru Bir Sesli Siddet Tespit Modeli

Ozet: Sesten siddet tespiti (AVD), ses adli bilisimi icin oldukga taze bir arastirma alanidir, ancak literatiirde siurli AVD
arastirmalar1 vardir. Oncelikli hedefimiz ses adli bilisimine katkida bulunmaktir. Bu nedenle, yeni bir ses veri seti topladik ve
ikili Oriintii tabanli bir siiflandirma algoritmasi 6nerdik.

Gereg ve yontem: Ilk asamada yeni bir AVD veri seti topland1. Bu veri seti iki siifli 301 ses igerir ve bu siniflar siddet ve
siddetsizliktir. Bu veri setini test ortami olarak kullandik. Bu arastirmada bir 6zellik miihendisligi modeli sunulmugtur.
Oznitelikleri ¢cikarmak i¢in tek boyutlu ikili model (BP) diisiiniilmiistiir. Ayrica, hem frekans hem de uzay alanlarinda 6zellikler
olusturmak icin ayarlanabilir g-faktorii dalgacik déniisiimii (TQWT) uyguladik. Oznitelik segimi asamasinda yinelemeli
komsuluk bilesen analizi (INCA) uygulanmig ve secilen Oznitelikler optimize edilmis destek vektér makinesi (SVM)
smiflandirici kullanilarak siniflandirilmigtir.

Bulgular: Modelimiz, kullanilan veri setinde 10 kat ¢apraz dogrulama ile %97.01 siiflandirma dogrulugu elde etti.

Sonuclar: Hesaplanan sonuglar, 6zellik mithendisliginin ses kullanarak siddet tespiti i¢in basarili bir ¢6ziim oldugunu agik¢a
gostermistir.

Anahtar kelimeler: Sesli siddet tespiti, 6zellik mithendisligi, makine dgrenimi, ses adli biligimi

1. Introduction

Speech is defined as the verbal transmission or expression of thoughts. On the other hand, communication is
the exchange of thoughts, behaviors and information in which there is a sender-receiver relationship between any
individual or group of individuals. When the relationship between these two concepts is examined, a
multidimensional situation naturally emerges. First of all, making sense of how this relationship between
individuals is established poses a difficult problem for machine learning methods. For example, with the
combination of understanding a speech, communication patterns, the environment in which the communication is
established and the surrounding context, a subjective situation that can naturally differ from individual to
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individual arises. Because each individual is triggered differently by different factors in his own particular, and
this situation is then called as different character structure. Therefore, there is a need to use many more models at
the same time [1]. This environment becomes more complex when a different language or violent speech content
is involved.

As a result, violent behaviors can harm other people in the environment and the individual. The emotional
and instinctive states of the individuals who engage in these behaviors in the communication environment, together
with the degree of violence, can determine whether or not there is any aggression. On the other hand, it examines
the relationship between aggression and behavior and the relationships between subjective feelings and objective
actions [2].

When various studies in the literature are examined, it is seen that some intimate-partner (lovely) relationships

carry out a process that can cause serious injuries and even death, both psychologically and physically [3]. This
environment, which takes place with the thought of keeping the partner under power and control in these
relationships, creates a potential context for excessive emotions and conflicts [4]. On the other hand, some
researchers have had difficulty recognizing emotions accurately due to personal emotions' ambiguity and
multifaceted nature [5, 6]. Researchers have attempted to recognize and detect emotions using speech recognition
[7, 8], violence analysis from images [9-11], and Natural Language Processing (NLP), which are generally applied
to large datasets created using social media. In order to understand the emotion of interactions, applications such
as Instagram, Facebook, Twitter, and Youtube were used [12-15].
NLP forms a fundamental link in the field of artificial intelligence and computer science. NLP studies include
theory and methods that enable effective communication between humans and computers in natural language [16].
For these reasons, it is seen that it is frequently used to interpret, decode and make sense of human languages in a
meaningful way. These features can help determine the relationship between individuals, conflict of emotions and
level of violence. In recent years, many studies have been carried out to detect negative emotions such as abusive
use of language and cyberbullying in online conversations. However, it is relatively difficult in real-life ritual to
obtain a live recording of any setting [17, 18]. For example, when fully focused on the speech content, other details
in the environment (intensity of sound, frequency of sound, physical characteristics of the environment, size of the
environment, distance, etc.) are ignored. If we look at this event from the point of view of forensic information, it
is necessary to evaluate the conversations and the environment in which the conversation takes place as a whole.
In addition to these, one of the important points in determining the intensity is the entropy criterion. This process,
which is based on sudden changes in the energy level of the audio signal, is used as an auxiliary argument in
determining the intensity [19].

Collecting accurate and unmodified audio data is also a difficult process for forensic experts. Otherwise,

obtaining erroneous results casts a shadow over a judicial review. Therefore, it is very important to be able to
detect violence in terms of sound forensics. Based on the existing literature, it is seen that although audio is a very
useful source of information, can be processed more simply than videos, and can be self-sufficient in terms of
expressing violence most of the time, it is often overlooked.
A new sound classification model has been proposed using lightweight methods to detect intensity over sound,
which is a difficult process in this research area. This model will be simply applied to solve sound classification
problems with high success rate. With this proposed method, it is desired to solve the important problems in the
literature.

1.1. Motivation and contributions

Sound forensics is one of the main branches of digital forensics. Therefore, it is a very important research
area for gathering digital evidence but the incident response/digital forensics experts have extracted digital
evidence manually and it is a time-consuming and difficult process[20]. Therefore, digital forensics professionals
need an intelligent assistant to extract more digital evidence. Thus, we collected a new AVD dataset by using
public sound sources. In order to get high classification performance on the collected audio dataset, we have
recommended a feature engineering model by mimicking a deep learning structure since we have presented a
multileveled feature extraction method. Furthermore, the presented model is a lightweight sound classification
model since it uses lightweight methods to get classification results.

The contributions of our proposal are:

- Anew AVD dataset was collected.

- Asimple model has been presented and this model has got high classification performance.

- This model is an accurate model and can easily be applied to solve other sound classification problems
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2. Dataset

We collected an AVD dataset from YouTube. This dataset has two classes and these classes are (i) violence
and (ii) nonviolence. We only collected the sounds from the videos and we segmented these sounds. The length of
the created each segment is about 2/3 seconds. The violence class has 154 sound observations and there are 147
sounds in the nonviolence class. The sample sounds have been demonstrated in Figure 1.
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Figure 1. The sample sounds of the gathered dataset.

3. Our Proposal

The essential objective of the proposed model is to get high classification performance with a simple and
lightweight feature engineering model. Our model uses TQWT and the one-dimensional BP to get features [21,
22]. The top of these features have been selected by deploying INCA [23] selector and the optimized SVM has
been used to get the prediction vector. The schema of our proposal is demonstrated in Figure 2.
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Figure 2. Schema of the proposed model. Herein, w: TQWT bands, F: feature vector.
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The steps of our proposal are also given below for better explanation.

Step 0: Load the collected AVD dataset.

Step 1: Apply TQWT to the sound signal to generate 18 wavelet bands. Herein, the used parameters of the
TQWT are 2,3 and 17. The given three parameters are named g-factor (q), redundancy value (r) and the number
of levels (L) and TQWT-generated L+1 wavelet bands.

Step 2: Apply BP to the raw sound and the wavelet bands generated. The used feature extractor (BP) has been
clarified below. In this step, 19 (by deploying 18 wavelet bands + 1 raw sound signal) feature vectors have been
created and the length of each feature vector is equal to 256.

Step 2.1: Create overlapping blocks and the length of each block is nine.

Step 2.2: Generate binary features by deploying the center value and other values of each block.

Step 2.3: Transform/convert binary features to a decimal value and create a feature map signal.

Step 2.4: Extract the histogram of the feature map signal and obtain a feature vector with a length of 256.

The graphical denotation of the one-dimensional BP is depicted in Figure 3.
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Figure 3. Graphical explanation of the BP feature extractor.

Step 3: Merge the generated 19 feature vectors and create the final feature vector with a length of 4864 (=256x19).
Step 4: Apply iterative INCA and choose the top 966 features from the created 4864 features.

Step 5: Classify these features by deploying the optimized SVM.

The given five steps above have been explained in our proposal.

4. Performance Evaluation
In this research, we have used a TQWT and BP-based model. BP generates features from 19 signals. Hence,

this model is named BP19, like VGG19 or DarkNet19. However, this model is a lightweight model. We used
MATLAB (2022a) programming environment to implement this model. We did not use any graphical processing
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unit or parallel programming technique to get classification results. Furthermore, BP19 is a parametric
classification model. The parameters used to create BP19 are listed in Table 1.

Table 1. The parameters used to create BP19

Method Parameters Output
TQWT [21] g:2,r:3,J:17 18 wavelet bands
BP [22] Length of overlapping block: 9, kernel: | 256 features

sighum
Our feature extraction method | 19 input (18 wavelet bands + 1 raw sound) 4864 features
INCA [23] Loop range: [100-1000], 966 features
Classifier: KNN
SVM [24] Kernel: Gaussian, kernel scale: 86.94, Box | Results
constraint: 17.83, validation: 10-fold cross-
validation
Bayesian optimizer [25] Fitness function: Maximizing accuracy, | The optimized parameters of
number of iterations: 1000 the SVM

The proposed BP19 has been created by deploying these parameters which are listed in Table 1. This problem
is a binary classification problem [26]. Therefore, we have used accuracy, sensitivity, specificity and geometric
mean performance metrics. In order to calculate these performance metrics, we have given the computed confusion
matrix as below (see Figure 4).

True Class

1 2

Predicted Class
Figure 4. The calculated confusion matrix. 1: Violence, 2: Control.

The evaluation metrics are mathematically defined below[27].

TN +TP
Accuracy = N T FN + FP + TP
e TP
SeTlSltlUlty = m
e TN
SpelelClty = m

219

1)

@)
®)



BP19: An Accurate Audio Violence Detection Model Based On One-Dimensional Binary Pattern

TP
TP+ FN

TN

TN + FP) @

Geometric Mean = \/( )(

The calculated performance values per Figure 4 are listed in Table 2.

Table 2. The calculated performance results (%) by deploying our proposed BP19.

Performance metric Result(s)
Accuracy 97.01
Sensitivity 97.40
Specificity 96.60
Geometric mean 97

Table 2 demonstrated that our model reached over 96% classification performance per the used all performance
metrics.

5. Ablation

In this section, our primary goal is to demonstrate the superiority of BP19. Therefore, we have applied BP to
the audio signals, and the calculated results are given in this section. Therefore, we have created two cases and
these cases are defined below.

Case 1: By applying BP for features extraction and the generated features are fed to the SVM classifier.

Case 2: By applying BP for features extraction and the top features have been selected by deploying INCA. The
selected features are classified by deploying INCA.

The ablation results are shown in Figure 5.

100 r
//

—_ e
X 90 -
> .7
o e
© s
S e
3 <
8 | .
2 80 -

70 : ‘ :

BP BP+INCA BP19
Model

Figure 5. Accuracies of the models. BP: Case 1, BP+INCA: Case 2, BP19: Our model.
6. Feature Analysis
In the proposed BP19, we have used 19 signals. In order to detect the classification contribution of the

generated 19 one-dimensional signals, we counted the selected features per the used signal and the feature analysis
results have been depicted in Figure 6.
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Figure 6. The number of selected features from the used input signals.

Figure 6 demonstrated that the 198 out of the generated 256 features from w2 (the generated second wavelet
band by TQWT) are selected as top feature by INCA. Thus, the most valuable signal is w2. Only 11 features
from the raw sound/audio signal. Per the number of feature, the worst band is w15 since INCA selected only 8
features from this signal.

7. Conclusions

We presented the BP19 model, and this model got results from the collected AVD dataset. Our collected
dataset has 301 audios and these are categorized into (i) violence and (ii) control. The proposed BP19 creates 19
signals and generates features from these signals by deploying BP function. INCA selected the most informative
966 features, which have been classified by employing an optimized SVM with 10-fold cross-validation. Our
model attained 97.01% classification accuracy and 97% geometric mean. Furthermore, we analyzed features per
the generated signals and gave ablation results to show the superiority of our model. Finally, we investigated the
classification ability of a feature engineering model. Results and findings demonstrate that high classification
performance was attained with a simple model of the violence audio.

In the near future, we are planning to collect a big AVD dataset and propose self-organized feature
engineering models. By using these models, automated AVD applications can be presented.
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