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Abstract: When public safety is considered to be of paramount importance, the capacity to detect violent situations
through audio monitoring has become increasingly indispensable. This paper proposed a hybrid audio text violence
detection system that combines text-based information with frequency-based features to improve accuracy and
reliability. The two core models of the system include a frequency-based model, Random Forest (RF) classifier,
and a natural language processing (NLP) model called Bidirectional Encoder Representations from Transformers
(BERT). RF classifier was trained on Mel-Frequency Cepstral Coefficients (MFCCs) and other spectrum features,
whereas BERT identified violent content in transcribed speech. BERT model was improved through task-specific
fine-tuning on a curated violence-related text dataset and balanced with class-weighting strategies to address category
imbalance. This adaptation enhanced its ability to capture subtle violent language patterns beyond general purpose
embeddings. Furthermore, a meta-learner ensemble model using eXtreme Gradient Boosting (XGBoost) classifier
model could combine the probability output of the two base models. The ensemble strategy proposed in this research
differed from conventionally multimodal fusion techniques, which depend on a single strategy, either NLP or audio.
The XGBoost fusion model possessed the qualities derived from both base models to improve classification accuracy
and robustness by creating an ideal decision boundary. The proposed system was supported by a Graphical User
Interface (GUI) for multiple purposes, such as smart city applications, emergency response, and security monitoring
with real-time analysis. The proposed XGBoost ensemble model attained an overall accuracy of over 97.37%,
demonstrating the efficacy of integrating machine learning-based decision.
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1 Introduction

Traditional surveillance systems mostly employ visual data to monitor security concerns. Owing to issues like
inadequate lighting, occlusions, or limited camera angles, visual-only methods are frequently less effective [1]. On
the other hand, audio-based analysis could offer a different viewpoint or crucial insights into violent events [2]
in situations where visual monitoring is impractical or challenging. This study proposed a hybrid audio violence
detection system combining acoustic and linguistic features for improved classification accuracy and robustness
in order to get around challenges arising from background noise, different speech patterns, and changing acoustic
environments [3]. Unlike traditional fusion systems that rely on simple probability averaging, the XGBoost-based
fusion model learns how to intelligently weigh and combine predictions from both models, hence capturing complex
decision patterns to improve accuracy, recall, and precision [4]. The final model becomes more adaptable and
reliable in a range of real-world scenarios by minimizing the errors of the individual base models [5]. Traditional
probability-averaging methods often suffer from inflated false positive rates; for instance, prior studies have shown
that non-violent but emotionally intense audio (e.g., cheering or loud music) was frequently misclassified as violent
due to over-reliance on acoustic probability spikes. These shortcomings motivate the use of a stacked fusion strategy,
where the meta-learner could reduce such errors by learning context-specific weighting. To address the need of
social safety and other real-world requirements, an user interface was developed and described in the methodology
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section. The stacking ensemble learning process that the system employed for violence detection consists of the
following (Table 1):

Table 1. Levels of ensemble learning process

Model Level Description

A frequency-based model was trained using RF on MFCCs, Chroma Features,
Mel-Spectrograms, and Spectral Contrast in order to capture the audio patterns of
Base Model at Level 0 violent content.
A text-based model that analyzes speech transcriptions and employs a revised BERT
classifier to detect violent language cues [6, 7].
An XGBoost classifier is trained on the probability output from both base models
(audio_norob and text_prob) in order to learn an optimal decision boundary, which
enhances overall classification performance [8].

Meta Learner Model
at Level 1

2 Literature Review

Advances in artificial intelligence and deep learning have sped up research on audio-based violence detection.
Earlier methods combined manually generated audio features like MFCCs and Spectral Contrast with machine
learning models like Support Vector Machines (SVMs) and RF classifiers. Conversely, more recent approaches
employ deep learning models, which directly learn feature representations from raw audio data, significantly
improving accuracy and generalization.

Classical models exhibit distinct trade-offs: SVMs achieve strong margin-based classification but scale poorly
with large datasets; Extreme Learning Machines (ELMs) offer faster training times but often underfit complex
acoustic patterns; RFs provide robustness to noisy data and strong generalization but require careful hyperparameter
tuning. These limitations partly explain the shift toward ensemble and deep learning methods. Some approaches
mentioned above are illustrated as follows:

1. Machine Learning-Based Approaches: Several researchers have looked into different machine learning
techniques for audio-based violence detection. Duraes et al. [3] demonstrated that deep learning outperformed
conventional techniques when trained on a range of datasets in the assessment of deep learning models and data
augmentation techniques. Mahalle and Rojatkar [9] further investigated the efficacy of ELM for audio-based violence
categorization, emphasizing the faster computation time of the models compared to more traditional models.

Further studies have examined lightweight deep neural networks designed for real-world applications and
demonstrated that they could increase the accuracy and efficiency of violence detection [ 10]. Multimodal approaches
integrating audio with extra contextual information have been proposed to improve recognition performance in low-
resource settings [11]. In the research paper, a cross-lingual model that used few-shot learning techniques was
developed to detect violent speech in many languages in order to increase the effectiveness of the method in a range
of linguistic settings [12].

2. Deep Learning and Multimodal Fusion: Deep learning has revolutionized the field of violence detection by
enabling models to process both textual and auditory data simultaneously. Certain systems have been introduced to
detect violent interactions by combining linguistic and speech features. Their results demonstrated that categorization
accuracy could be increased by combining data from multiple sources. Similarly, multimodal fusion techniques that
used meta-information and deep neural networks have been explored to enhance aggression detection in surveillance
applications [13].

As multimodal techniques gain popularity, researchers are looking into how audio may be integrated with
written or visual data. Weakly supervised learning methods that used hyperbolic space representations have been
developed to improve aggression classification. Other studies have expanded on this concept by introducing a
multimodal attention-enhanced feature fusion framework, combining multiple modalities to significantly boost
model performance in difficult real-world scenarios [14].

3. NLP for Violence Detection: Beyond acoustic analysis, NLP has evolved into a powerful technique for
identifying aggression and violence in speech. Conversational agents are classic examples of advances in NLP [15].
By employing BERT models to detect gender-based violence on social media, research has demonstrated how
transformer-based language models may effectively detect harmful information [16, 17]. Building on this, further
investigations have proposed a BERT-fasttext model that is more capable of detecting violent language than traditional
NLP-based classifiers. Multimodal NLP-based systems combining lightweight neural architecture with specialized
audio processing techniques have been introduced, thus facilitating real-time processing for security applications
on edge devices. By exploring deeper learning techniques for detecting cases of domestic violence through audio
monitoring, additional contributions have highlighted the usefulness of audio surveillance [18]. Other researchers
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contributed to this subject by showing how few-shot learning could improve NLP models in cross-lingual contexts,
in order to boost their capacity to identify violent speech in multiple languages. Although audio-based violence
detection has advanced significantly, certain challenges remain. One major obstacle that results in false positives is
the inability to distinguish between actual violent episodes and intense but non-violent situations, such as cheering or
loud music. Moreover, it is challenging to apply deep learning models in real-time applications due to computational
constraints, thus necessitating optimization techniques to boost efficacy.

The techniques and datasets employed in previous works are summarized in Table 2.

Table 2. Highlights of previous works related to the detection of violent speech

Reference Methods Dataset Results
F1 score of 0.69. In
comparison, the

BERT-Based model and Data frorp ~ 420k Tw1tter' posts QCtef:tlon of
[19] Large Language Model spanning a 3-year duration antiAsian hateful
(LLM) (January 1, 2020 to February 1, speech showed a
2023) higher effectiveness,
with an F1 score of
0.89
Students’ Violent Speech (SVS) 90% accuracy with
(201 BERT, XGBoost, and RF dataset with 7056 tagged tweets BERT
TensorFlow custom object Custom datasets for 6-image
. . 84% accuracy of the
[21] detection and speech categories. Custom datasets for
. . developed system
analysis 2-speech categories.

MFCC and Stationary
Wavelet Transform

(SWT)-Based feature CNNs with feature
[22] extraction. K-Nearest Vera Am Mittag (VAM) corpus selection achieved
Neighbors (KNN) and German TV talk show recordings  97.21% classification
Convolutional Neural accuracy
Networks (CNNs) for
classification.
BERT "Efficiently Learning Pre-tra.lnlng dataset collecte.d by
. crawling 110 Bangla websites
an Encoder that Classifies o
(27.5GB, 5.25 million documents).
[2] Token Replacements . . F1 score of 0.737
- Evaluation dataset for the Violence
Accurately” (ELECTRA) ... .
Inciting Text Detection shared task
models for NLP .
(texts in the Bangla language).
Naive Bayes, SVM, Waseem and Hoyy (2016) English Improvement of F1
[23] Ensemble classifiers, and dataset; Fortuna (2017) Portuguese pscore by 0.1
Artificial Neural Net dataset y e

Mel-Spectrogram images of
speech signals

Improvement in F1

[10] by 8%

Image and acoustic data

As highlighted in the above table, there is an accelerating demand for robust models that could operate in
multilingual and low-resource environments. The models discussed so far focus on standard news and tweets datasets
or textual datasets. A natural spoken language has seldom been assessed in all these models. By emphasizing the
benefits of few-shot learning for cross-lingual adaptability, the current research created new avenues for improving
global violence detection systems.

In summary, the subject of audio-based violence detection has seen significant development, progressing from
traditional machine learning models to advanced deep learning techniques that make use of multimodal data, NLP, and
cross-lingual adaptation. Ongoing research into self-supervised learning, few-shot learning, and multimodal fusion
will further enhance the accuracy and practicality of violence detection systems, thus boosting their effectiveness in
a range of demanding scenarios.

3 Methodology

This section explains the process of developing a powerful audio violence detection system that integrates a
fusion mechanism to enhance the performance of linguistic and acoustic models.
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Figure 1 exhibits how an audio input is processed in two parallel branches, one analyzing acoustic features with
a RF classifier, and the other converting the audio to text for BERT-based classification. Both branches produce
separate Violent/Non-Violent predictions, which are then combined in a decision fusion block. If the fusion score
meets the threshold, the final outcome is classified as Violent or it will be Non-Violent. The result, along with
intermediate probabilities, transcribed text, and confidence visualization (via a real-time GUI built using Gradio), is
displayed to the user.

Audio Classification Process

Audio Input
Parallel
Processing
Starts
Frequency- Jased
Based
Model
Processing Processing
Feature Speech to
Extraction Text
BERT
Tokenization
Violent/Mon- Fine-Tuned
Violent BERT Model

Prediction

Decision
Fusion Block
Fusion Score
=077
Classify as Classify as
Viclent Non-Violent
Output Block
Transcribed
Text from
Audio

Figure 1. Flowchart of methodology combined the two base models

The dataset used in this study was UBC-NLP/DetoxLLM-7B dataset [24], the latest dataset with a unique feature
of a paraphrase detector. Another dataset where audio files were trained were extracted from various YouTube videos
of web series and movies. Ground truth for these recorded videos was noted in a form of binary variable, violent or
non-violent tone. A list of features extracted from these audio files is set out below..

1. MFCCs: 13 coefficients representing timbre in speech and music;

2. Chroma: 12 values (one for each note in the musical octave);

3. Mel: 128 Mel-Frequency bands, representing energy distribution over perceptual frequency scale; and

4. Spectral Contrast: 7 values describing the difference between peaks and valleys in the spectrum (captures
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brightness/timbre).

The three primary components of the system are: (A) Frequency-Based Model with optimized RF; (B) NLP-
Based Model improved with BERT; and (C) Fusion Model for final prediction.

A. An Optimized RF Model

The frequency-based methodology focuses on extracting significant auditory features to identify violent patterns
in audio. This approach leverages MFCCs, Spectral Contrast, Mel-Spectrogram, and Chroma as primary components
for feature extraction. To ensure uniform analysis across all audio samples, a windowing technique was applied,
where all input audio files were split into 10-second clips. In cases where the audio duration was less than 10
seconds, padding was added at both the beginning and end to maintain consistency. This preprocessing step ensured
that all audio inputs were of a fixed length, which allowed the model to extract meaningful frequency-based features
while minimizing bias introduced by varying clip durations. The extracted features were then standardized using
scaling techniques before being fed into an optimized RF Model for classification. This model was fine-tuned with
hyperparameter optimization, balancing between model complexity and generalization to ensure robust performance
in violence detection.

(a) Extraction of Features: Since MFCCs record the short-term power spectrum of audio sources, they are helpful
for tasks involving speech. The twelve different pitch classes that help identify the tonal properties of violent noises
are displayed in Chroma Features. The Mel-Spectrogram provides a time-frequency representation of sound and
displays the energy distribution across frequencies. In the present setup, 40 MFCCs were extracted per frame, thus
yielding a feature matrix of 40 x T' (where T' denotes the number of time frames). The Mel-Spectrogram was
computed with 128 frequency bins, while Chroma features used 12 pitch classes and Spectral Contrast captured
7 sub-band contrasts per frame. By calculating the difference between the spectrum’s peaks and valleys, spectral
contrast aids in the detection of dynamic sound variation. The MFCC calculation formula is presented in Eq. (1):

K
MFCC(n) = Zlog(Sk) ~cos(w) @)
k=1

where, K is the total number of Mel filter banks, n is the cepstral coeflicient index, and Sy is the spectral power at
frequency k. Figure 2 shows the distribution of MFCC frequencies of important features.

Top 10 Important Features for Audio Violence Detection

mel_119
mfcc_3 4
mel_118
contrast_7
contrast_4 1

mel_117 4

Feature Name

mel_33
mel_32 4

mel_34

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Feature Importance

Figure 2. Chart of MFCC frequencies of important features

Figures 2 and 3 illustrates the importance of several audio elements in the XGBoost Fusion Model. Mel_119
(21.1%) and mfcc_3 (13.8%) are the most important traits, followed by contrast_7 (12.0%) and mel_118 (12.4%).
The Mel and Contrast features, which are crucial for distinguishing between violent and non-violent sounds, illustrate
how the model uses frequency-based analysis. The chart clearly displays a relative ranking of importance, according
to which mel_119 is the most influential feature whereas mel_36 is the least influential among the top 10.

(b) Architecture of the Model: The Grid Search CV explored n_estimators € {100, 200,300}, max_depth
€ {10,15, 20}, and min_samples_split € {2,5,10}. The optimization objective was to maximize the F1-score on
the validation set, in order to ensure a balance between precision and recall rather than raw accuracy [9].

B. Fine-Tuned BERT, an NLP-Based Model

To detect violent content, the NLP-based approach employs speech-to-text transcription and an improved BERT
model for text categorization.
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Feature Importance Distribution

mfcc_3

mel_119
mel_118
contrast_7 mel_36
mel_34

contrast_4
mel_32

mel_117 mel_33

Figure 3. Distribution chart of feature importance

(a) Audio Transcription: To convert spoken words into text, audio recordings are transcribed using Google’s
Speech Recognition Application Programming Interface (API). This process enables the extraction of linguistic
features for further analysis.

(b) Training with a dataset that has been associated with violence: BERT has been improved to distinguish
between violent and non-violent words. The architecture of the model is: The input layer consists of tokenized text
and attention masks. The contextual associations of the text are recorded by BERT encoder. The Classification Layer
has softmax activation and is dense for binary classification. Softmax Activation Formula (used in the output layer
of BERT) is shown in Eq. (2).

et
S e 2
> €% @
where, z; represents the output logit for class ¢, n is the total number of classes (2 in this case: violent or non-violent).

C. Final Prediction Using a Fusion Model

To improve the accuracy of violence detection in an ensemble learning fashion, predictions from the frequency-
based RF Model and the NLP-Based Fine-Tuned BERT model are coupled using a meta-classifier [13].

Stacking-Based Fusion Mechanism: Instead of averaging probability scores, the Fusion Mechanism Based on
Stacking XGBoost is employed as a meta-classifier to determine the final classification. After being trained on the
probability output from the RF and BERT fine-tuned models, this model determines the optimal decision boundary
based on both predictions. Eq. (3) shows integration of the strengths of both models, resulting in enhanced accuracy,
reduced false positives, and improved adaptability in real-world scenarios.

Ply=i|z)=

P,.4io = Probability of violence from the frequency-based model.
P, = Probability of violence from the BERT fine tuned model. 3)
A feature set is created using these probabilities:
Pfinal = XGBoost (Paudio + Pte:vt)
Each component of this methodology, ranging from feature extraction with Librosa and the optimized RF
classifier to the fine-tuning of BERT for NLP tasks and the XGBoost-based fusion mechanism, is designed to ensure
robust and accurate detection of violent audio events, even in challenging environments.

4 TImplementation

The entire workflow was implemented and assessed on Google Colab; which provided high performance
computing resources for model training and evaluation.
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The four primary components for implementing the audio violence detection system are the Frequency-Based
Model (Acoustic Analysis), NLP-Based Model (Text-Based Violence Detection), Meta-Learner Model (Ensemble
Learning), and a GUI for real-time analysis. The developed system uses Python Libraries, such as Gradio for GUI
development, XGBoost for ensemble learning, Transformers (Hugging Face) for NLP-Based Classification, Scikit-
Learn for traditional machine learning, and Librosa for audio feature extraction. BERT-Base-Uncased model using
the Hugging Face Transformers was used and finetuned for violent text recognition. The Frequency-Based Model
distinguishes between violent and non-violent noises by analyzing unprocessed audio signals. Critical acoustic
features, such as MFCCs, Chroma Features, Mel-Spectrogram, and Spectral Contrast, which aid in differentiating
violent sounds (such as yelling and shouting) from non-violent ones, were extracted using the Librosa package.
An optimized RF classifier, chosen for its resilience in processing noisy and high-dimensional audio data, received
the standardized extracted features. Using Grid Search CV, hyperparameter tuning was carried out to optimize
parameters like minimum samples per leaf (2), maximum depth (20), and number of estimators (100).

With a batch size of eight, ten training epochs, and a learning rate of 2 x 10~5, the NLP-Based Model fared well
in tests of violence classification. WordPiece Tokenization and pre-trained contextual embeddings were utilized to
categorize violent and non-violent text segments extracted from transcribed speech using the improved BERT-Based
model. The unequal distribution of classes was addressed during training by using class weighting techniques, which
ensured that the model learned both violent and non-violent behaviors. Class weights were computed inversely
proportional to class frequencies. Eq. (4) shows computation of class weights of BERT model:

N

Wi (4)
where, N is the total sample size, C' is the number of classes, and n; is the number of samples in class . This
ensured that minority classes (violent or non-violent) contributed equally to the loss function.

The Google Speech Recognition API was applied to transcribe spoken text, which was preprocessed to remove
stop words, punctuation, and noise before classification. To further increase prediction reliability, temperature
scaling which altered logit distributions before softmax activation was used. Through the calibration of the model’s
confidence scores, this technique improves categorization stability. Early pausing was implemented using a three-
epoch patience window, in order to ensure that training would immediately terminate when validation loss stopped
improving. The model successfully mitigated overfitting risks by using dropout regularization inside the hidden
layers of BERT and self-attention processes, resulting in strong generalization performance across validation and
test datasets.

A meta-learner (XGBoost classifier) was implemented; this was a powerful gradient boosting algorithm known
for handling complex feature interactions and improving generalization [13]. The meta-learner training process
involved feeding the probability scores from both base models into the XGBoost classifier, which learned the optimal
weighting and decision boundaries between the two models. The ensemble model was fine-tuned using Bayesian
Optimization, adjusting essential parameters like the learning rate (0.05), max depth (6), and number of boosting
rounds (100).

Pfinal = XGBOOSt(Paudio + Pte:rt) (5)

In Eq. (5), Paudio and Py, are the probability scores from RF and BERT models are represented by P,ydi0
and P, respectively. Experimental data showed that the XGBoost metal.earner outperformed both standalone
models, thus achieving great precision, accuracy, and recall.

The system was evaluated using a diverse dataset that included both violent and non-violent audio samples. The
dataset included a range of auditory environments to assess their robustness in real-world situations. An Indian
movie was considered to capture the violent tones of characters. All things considered, the hybrid ensemble learning
system integrated text-based and acoustic violence detection, as well as employing a revised RF classifier, a BERT-
based NLP model, an improved feature extraction pipeline, and an XGBoost meta-learner to increase classification
accuracy. The user-friendly GUI ensures that applications for public safety, emergency response, and surveillance are
feasible. The scalability, high accuracy, and utility of this implementation contribute to the practicality of automated
violence detection in real-time settings.

5 Results and Discussion

With the implementation of GUI, users can upload or record audio, which would subsequently be transcribed
and processed in real-time to detect potential violence. It shows the classification results of the frequency-based and
text-based models as well as probability scores and a confidence bar plot to facilitate understanding in a few seconds.
The implemented GUI provides a user-friendly interface for the real-time audio violence detection system, in which
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audios could be uploaded or recorded with a real-time display of results. The processing time of a single audio file
is reported to be 20-20 seconds. The GUI, shown in Figure 4, showcases transcribed text, predictions of individual
sections along with their confidence scores from the audio-based RF Model and BERT-Based Model.

The GUI was tested on a CPU-only setup (Intel i7, 16GB RAM), achieving average inference latency of ~1.2
seconds per 10-second clip. GPU acceleration (NVIDIA T4 on Google Colab) reduced latency to ~0.4 seconds. The
lightweight design also allows deployment on edge devices such as Jetson Nano, with real-time processing supported
under optimized batch settings.

Violence Detection in Audio

Upload or record an audio file. The system will transcribe the audio, classify it s Viclent or Mon-Violent using a fine-tuned BERT maodel, and display the probability of viclence. Adjust the temperature slider to

calibrate the output probabilities.

T

Flag

Violent

Violence Prediction Probabilities

u
¥

:.- -‘| .
3

00— —

Frequency Based NP Based Fusion

Probabisty of Violens
s & B @&
e ® o

]

Analyze

(b)
Figure 4. GUI of the multimodel system

The proposed Audio-Text Violence Detection System was evaluated using multiple models, including RF for
audio features, BERT for text analysis, and an Ensemble Model (XGBoost) for fusion-based classification. The
following subsections display a detailed performance analysis of these models.

5.1 RF Model (Audio-Based Classification)

The RF classifier was trained on MFCCs, Chroma Features, Mel-Spectrograms, and Spectral Contrast to identify
violent events based on their acoustic characteristics [3]. Table 3 represents the RF Model which achieved a test
accuracy of 9836%, (averaging classwise accuracy from Table 3) demonstrating its ability to classify violent and
non-violent audio. However, text-based classification by BERT performed better, thus highlighting the importance
of linguistic cues in violence detection. The best performance was achieved by the ensemble model, which combined
both textual and acoustic features.

5.2 BERT Model (text-based classification)

The BERT model was trained to analyze the textual transcriptions of audio clips; as represented in Table 4, patterns
of violent speech were effectively identified. The BERT model achieved Train Accuracy: 96.86%, Validation
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Accuracy: 88.19% and Test Accuracy: 90.37%. The performance of BERT indicates that text-based violence
classification is highly effective in identifying harmful language.

Table 3. Classification report—RF model (MFCC alone)

Class Precision (%) Recall (%) F1-Score (%) Support
Non-violent (0.0) 98.0 98.0 98.0 341
Violent (1.0) 99.0 99.0 99.0 515

Table 4. Classification report—BERT model (text-based alone)

Epoch Training Loss Validation Loss Accuracy (%) Precision (%) Recall (%) F1-Score (%)

1 0.1239 0.3783 88.19 89.63 95.26 92.35
2 0.1818 0.5030 87.80 87.40 97.8 92.30
3 0.0232 0.4752 89.02 91.46 94.10 92.76
4 0.0894 0.0534 88.73 91.65 93.45 92.54

5.3 Fusion Model (Ensemble Approach)

To improve accuracy and robustness, this system integrates both linguistic (BERT) and acoustic (RF) features
using XGBoost meta-learner [13]. The dataset shows class imbalance (Violent: 315,695 versus Non-violent:
116,622). To mitigate bias toward the dominant class, oversampling of minority instances and class-weight
adjustments were applied during training to stabilize F1-score across both categories.

The model was trained and tested using an optimized dataset of violent and non-violent audio clips. The results
below indicate that the ensemble learning approach significantly enhances classification performance as in Table 5.

Table 5. Classification report—fusion model

Class Precision (%) Recall (%) F1-Score (%) Support
Non-violent 97.0 93.0 95.0 116,622
Violent 98.0 99.0 98.0 315,695
Accuracy 97.37 432,317
Macro Average 97.5 96.0 96.5 -
Weighted Average 97.7 97.6 95.9 -

The MFCC-Based model achieves the highest expected accuracy since violent speech often carries distinct pitch
and tonal characteristics. However, text-based violence detection remains essential for practical deployment. The
fusion model assembling outperformed single classifiers in distinguishing between violent and non-violent audio
clips, achieved an overall accuracy of 97.37%, with both high precision and recall. This demonstrated that the
integration of textual and frequency-based features improved classification robustness.

6 Discussion

The ensemble approach integrated in the Audio-Text Violence Detection System considerably improves the
accuracy rate to 97.37% by combining the content analysis of speech with BERT and feature extraction using RF.
This combination is beneficial because it allows greater scrutiny of possible violent incidents through the speech of
perpetrators.

The BERT model shows strong performance in violent language classification, delivering a score of 90.37%.
The primary shortcoming of BERT is its failure to efficiently recognize violence wrapped in non-verbal sounds
or background noises [25]. However, the RF Model demonstrates competence in the analysis of acoustic features
and obtains an accuracy rate of 98.36%. Its major problem comes from the inability to tell the difference between
violence and non-violence sounds. This problem can be solved by the inclusion of features extracted from texts, thus
necessitating an optimal approach to violence detection via both audio and textual analysis.

The findings in this study were in line with earlier research which suggested that multimodal fusion significantly
enhanced categorization capacity. Future studies should investigate the merging of few-shot learning with self-
supervised learning techniques, as suggested by Sankaran et al. [12], to improve adaptability in a variety of situations.
In addition, real-time violence detection systems would be more beneficial in emergency response and security
contexts, provided that models for edge deployment could be improved.
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7 Conclusions

This work introduced a novel ensemble-based audio violence detection technique to analyze both verbal and
auditory data for increasing classification accuracy. By combining a RF classifier for frequency-based features and a
refined BERT model for textual analysis, the fusion model could effectively capture the multi-modal nature of violent
audio occurrences. An XGBoost meta-learner was added to enhance the decision-making process by balancing
the contributions of both models to improve precision and recall. This ensemble learning approach outperformed
standalone classifiers by addressing the shortcomings of traditional audio classification techniques and providing a
more dependable solution for violence detection. Cross-validation and hyperparameter adjustment were adopted to
improve the generalization and robustness of the model, in response to changes in speech patterns and background
noise.

Further simplifying practical deployment, real-time GUI facilitates emergency response units, surveillance teams,
and law enforcement organizations to engage with the proposed system. These upgrades enable the system to be
used in practical safety applications, where it is essential to promptly and accurately identify violent situations.

Overall, this study advanced the field of automated violence detection by creating a scalable, highly accurate, and
implementable method. To further improve performance, future research is recommended to investigate multilingual
support by integrating variations of BERT models and using multilingual stopword support. Larger datasets and
sophisticated deep learning architecture could also be explored in the future. Furthermore, multi-source sensor
fusion and video-based violence detection could be added to the proposed system to greatly enhance its suitability
for smart surveillance and monitoring public safety.
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