Research

Explosion sound classification using machine learning method
based on audio features

Nguyen Van Tuan®, Nguyen Dang Tuan

Control, Automation in Production and Improvement of Technology Institute (CAPITI), Academy of
Military Science and Technology, 89 Ly Nam De, Hoan Kiem, Hanoi, Vietnam.

“Corresponding author: tnv8084@gmail.com

Received 19 Oct. 2024; Revised 05 Dec. 2024; Accepted 04 Apr. 2025; Published 15 Apr. 2025.

DOI: https://doi.org/10.54939/1859-1043.j.mst.102.2025.133-140

ABSTRACT

This study focuses on the classification of gunshot sounds using multiple audio features and
machine learning methods. The gunshot sound samples are converted into spectrograms and
processed using Support Vector Machine (SVM) for classification. The model was trained on a
dataset of 851 audio files from 8 different gun types. Using a combination of audio features
along with data preprocessing techniques, our SVM model achieved 95.32% accuracy in
classifying different types of gunshots. The model also demonstrated good performance with
real-world data, though with lower confidence levels due to environmental noise. This study
provides an effective method for gunshot classification in defense security surveillance systems
and sound forensics applications.
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1. INTRODUCTION

In the current context, ensuring public security and safety has become a top priority for
functional agencies. Gun-related incidents are increasing, requiring rapid and effective
surveillance measures. Accurate identification and classification of gunshots can help authorities
respond promptly, reducing human and property losses, while providing important data for crime
investigation and military applications.

Domestically, previous research in this field has primarily focused on sound source localization
[1-3] or general sound classification. Few studies have specifically addressed gunshot
classification, despite its importance for security applications. While traditional methods using
time-domain or frequency-domain analysis have been employed, they often struggle with
distinguishing different gunshot types in complex environments [4]. Various machine learning
approaches have been explored for audio classification. K-Nearest Neighbors (k-NN) achieved
94.48% accuracy in gunshot classification [5] but shows limitations with noisy data. While CNNs
have demonstrated success in audio classification [6], they require extensive training data and
computational resources [7].

This study proposes a novel approach combining multiple audio features with Support Vector
Machine (SVM) classification. SVM was chosen for its effectiveness with both small and high-
dimensional data, requiring fewer computational resources compared to deep learning methods
[4]. Our objectives include feature extraction from gunshot samples, data preprocessing, and SVM
model evaluation.

2. DATA PREPARATION AND AUDIO FEATURE EXTRACTION

2.1. Gunshot dataset

The gunshot dataset used [5] includes 851 audio files of 8 different gun types, with 2 s duration
for each gun type, and a sampling frequency of 44100 Hz. The audio files have been checked to
ensure they are free from noise contamination and repetition. Table 1 lists the details of the number
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of sounds for each gun type in the dataset.
Table 1. Gunshot dataset.

No. Gun type Number of samples
1 AK-47 72
2 IMI Desert Eagle 100
3 AK-12 98
4 M16 200
5 M249 99
6 MG-42 100
7 MP5 100
8 Zastava M92 82

2.2. Audio features
2.2.1. Audio spectrogram
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Figure 1. Time-domain waveform and log-mel spectrogram of some audio samples.

We apply Short-Time Fourier Transform (STFT) to obtain time-frequency representation of the
audio signals. The log-mel spectrogram is generated through the equation (1) [8].
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where y is the audio signal, w is the window function, t is the time frame, f is the frequency, and N
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is the FFT length. Then, through power spectrum calculation and mel-scale mapping, we obtain
the log-mel spectrogram:

log — Mel(t,m) = log(M(t,m) + €), (2)

where ¢ is a small value to avoid taking the logarithm of zero.

Figure 1 shows the time-domain waveform (left, time vs normalized amplitude [-1,1]) and log-
mel spectrogram (right, time vs frequency [0-22050 Hz]) of the 8 gun types. The spectrogram's
color intensity indicates the energy of frequencies (dB), where brighter bands represent higher
energy levels. The AK-47 gunshot exhibits characteristic features of gunshot sounds with
distinctive short, high-amplitude pulses and broad frequency spectrum.

2.2.2. Preprocessing

To mitigate overfitting, where the model performs very well on training data but poorly on test
data or new data, training audio samples will be augmented with noise using random noise from a
Gaussian distribution with mean 0 and variance 0.01. The low variance ensures that the audio
information is not lost, and the total number of audio samples is doubled to 1702 samples. Figure
2 compares the log-mel spectrogram of the original AK-47 gunshot with the noise-added gunshot.
The log-mel spectrogram of the noise-added gunshot appears less distinct than the original
spectrogram, making discrimination more challenging.

Orginal AK-47 gunfire Noise-added AK-47 gunfire
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Figure 2. Spectrogram of noise-added gunshot audio sample.
2.2.3. Features used for training
Seven key acoustic features were extracted:

Mel-Frequency Cepstral Coefficients (MFCC), an audio feature originating from human
auditory mechanisms, this feature has high recognition rates and good noise resistance. It is defined
based on the discrete cosine transform as follows [8]:

.= \/% 3K, (log 5 - cos (- (n(k - 0.5)m)), 3)

where, K represents the number of bandpass filters, S, is the spectral power at filter k.

Chroma and Spectral Contrast: Represent pitch distribution and frequency energy variation
respectively, crucial for distinguishing structural differences in sounds [9].

Spectral Centroid, indicates frequency distribution balance. The spectral centroid is determined
by the formula:

_ Zhoy Me[n]'n
Co =S e @

where, M, [n] is the amplitude of frequency n in the frequency spectrum corresponding to window t.

Zero Crossing Rate (ZCR), measures the number of times an audio signal crosses the zero axis.

Journal of Military Science and Technology, 102 (2025), 133-140 135



Mechanics & Mechanical engineering

For a given frame, the ZCR of an audio signal x of length N is defined as the number of times the
audio transitions from positive to negative as follows:

ZCR = % ¥ son(x[nl) - son(x[n 1) (5)

Energy, measures signal strength. The energy of audio signal x is calculated by the formula:
E =Xl x[i]%, (6)
where, x[i] is the amplitude value of the ith sample in the audio signal; N is the total number of

samples in the signal.

Spectral Bandwidth, the difference between upper and lower frequencies in a continuous
frequency band. This feature helps distinguish gunshots from other sounds based on spectral width.
The spectral bandwidth at frame t can be calculated by the formula [6]:

bandwidth[t] = (X S[k, t] - |freq[k, t] — centroid[t]|P)/P, (7

where, S[k, t] is the magnitude of the spectrogram at frequency portion k and frame t; freq[k, t] is
the frequency value at portion k and frame t; centroid[t] is the spectral centroid at frame t; p is a
parameter, usually set to 2 (Euclidean distance).

These features were chosen because they provide rich and multidimensional information about
the audio signal, including intensity, frequency, melodic structure, and spectral characteristics,
helping the SVM model classify gunshots more accurately and efficiently.

3. SUPPORT VECTOR MACHINE MODEL TRAINING AND EVALUATION

The model implementation follows two main steps as shown in figure 3: training phase to
determine optimal parameters and classification phase to identify new samples.

- Features - ;
Preprocessing —m| Extraction ——] Training —7/ Trained model /

; Features Classification / Classification
Preprocessing Extraction (SVM classifier) Result /

Figure 3. Workflow of classification model.
3.1. Feature vector construction and data normalization

A 108-dimensional feature vector x; is constructed for each audio sample by combining
statistical measures (mean, standard deviation, and median) of seven acoustic features:

MFCC: 39 dimensions (13 coefficients x 3 measures); Chroma: 36 dimensions (12 semitones
x 3); Spectral Contrast: 21 dimensions (7 bands x 3); Spectral Centroid, ZCR, Energy, and Spectral
Bandwidth: 3 dimensions each.

While MFCC can generate more coefficients, only the first 13 are used as they capture the most
significant information about the spectral envelope; higher-order coefficients typically represent
fine spectral details that are less crucial for classification. The librosa library [10], an open-source
audio library, is used to extract features. The dataset was split into training and validation sets (8:2
ratio) with 1360 and 342 samples respectively. Features were normalized using standard scaling:

Training audio
samples

Mew audio
samples
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~ X —mean
scaled Std '
where Xscaled 1S the normalized feature vector, mean is the average value, and std is the standard
deviation. The result is a normalized dataset with mean 0 and standard deviation 1.
3.2. SVM model training

Assuming the training samples are defined as (x;,y;), and i € {1,2,--,1}, x; ER", y; €
{1, —1} are satisfied. The SVM optimizes the following problem [8]:

in (zwT 3
min (Gwhw+ CEhy &)
yiwTz; +b) >1—§,§>0,i € {1,2,-,1}

where, w is the weight vector that defines the decision hyperplane, b is the bias term, & are slack
variables allowing misclassification, zi = ¢( x;) represents the transformation of input vectors x;

into a higher dimensional feature space via the mapping function ¢ and C is the penalty coefficient.
Then, the audio data classification problem can be solved as follows [8], where «; are the Lagrange
multipliers obtained from the dual optimization problem:

sgn(wT¢(x) + b) = sgn(Ti_; a;yiK(x;,x) +b). (10)

Grid search with stratified 5-fold cross-validation was used to find optimal hyperparameters,
with results shown in table 2. The data is divided into 5 subsets and shuffled before division.

Table 2. Results of best hyperparameter search.

X (8)

: 9)

arameter C Y Multi-class Kernel
Values strategy
Test 1,10, 100 | 0.1, 0.01, 0.001 0Vvo, ovr RBF, Linear, Poly
Best 10 0.01 (0)%e) RBF

A total of 54 different parameter sets were tested, with the SVM model being trained 270 times
(54 parameter sets * 5 folds). The Radial Basis Function (RBF) kernel defined by:

k(x,z) =exp(—y lx—2z13),y >0 (11)

The model completed after 1098 iterations with 189 support vectors.
3.3. Model evaluation
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Figure 4. Confusion matrix.
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The model achieved 95.32% accuracy on the validation set. Figure 4 shows the confusion
matrix demonstrating strong classification performance across all gun types. Observing the
matrix shows that the model performs well and accurately, with only a few minor confusions
between classes.
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Figure 5. ROC curve for each class.

Figure 5 shows the ROC curve for each class with AUC values close to 1, demonstrating strong
classification performance. Detailed performance metrics are shown in table 3.

Table 3. Evaluation metrics for each class.

Classes Precision | Recall | F1-score Samples
AK-47 0.93 1.00 0.97 28
IMI Desert Eagle 0.95 0.90 0.92 40
AK-12 1.00 1.00 1.00 40
M16 0.95 0.95 0.95 80
M249 0.91 1.00 0.95 40
MG-42 1.00 0.90 0.95 40
MP5 0.90 0.90 0.90 40
Zastava M92 1.00 1.00 1.00 34

The model proposed by the authors has higher accuracy than the original paper's model [5]
which achieved 94.48% using kNN classifier, showing the effectiveness of combining
preprocessing methods and data augmentation with the SVM classifier. Detailed comparisons are
shown in table 4.

Table 4. Comparison of proposed model results.

Metrics Proposed SVM model | kNN model from [5]
Accuracy 95.32% 94.48%
Unweighted average recall 95.62% 93.92%
Unweighted average precision 95.50% 94.91%
F1-score 95.48% 94.41%

138 N. V. Tuan, N. D. Tuan, “Explosion sound classification using ... based on audio features.”



Research

The model was tested on a computer with AMD Ryzen 5 5600H CPU, 16 GB RAM, Windows
10 operating system. Execution time was evaluated and shown in table 5, total time to produce
results on new audio are measured using average of 10 samples of 2 s length.

Table 5. Model execution time.

Process Time
Feature extraction and training 1 minute 39 s
Total time to produce results on new audio 70 ms

The authors also tested the model with real-world data, audio recorded directly at the shooting
range, cutting a 2 s audio segment containing AK-47 gunfire, with the waveform shown in figure
6. The model correctly classified it as AK-47 with 44.12% confidence. Due to the limited dataset
and enviroment’s noises, although the result was correct, the confidence level remains low.
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Figure 6. Waveform of real recorded AK-47 gunfire.
4. CONCLUSIONS

This study demonstrated the effectiveness of SVM-based gunshot classification using
multiple audio features, achieving 95.32% accuracy. While the model performs well on
standardized data, real-world testing revealed the need for more diverse training samples and
robust noise handling. Future work could explore deep learning approaches for improved
performance in noisy environments.
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TOM TAT
Phin loai tiéng nd bang phwong phip hoc may dwa trén cac dic trung cia Am thanh

Nghién ciru nay tdp trung vao viéc phan logi tzeng sung bang cdch sit dung nhiéu ddc
trung am thanh va phuong phdap hoc may. Cac mdu dm thanh tiéng siing dwoc chuyén doi
thanh quang pho va xit Iy bang phwong phap May vector hé tro (SVM) dé phén logi. Mé
hinh dwoc hudn luyén trén tap dir liéu gom 851 tép am thanh tir 8 loai sung khdac nhau. Sir
dung két hop cdc dic trung am thanh cung véi ky thudt tién xir 1y div liéu, mé hinh SVM ciia
nhom tac gia dat do chinh xdc 95,32% trong viéc phdn logi cdc logi sung khdac nhau. MO
hinh ciing thé hién hiéu sudt 16t véi diF liéu thuc té, mdc di cé dé tin cay thép hon do nhiéu
méi trieong. Nghién ciru ndy cung cdp mét phwong phdp hiéu qua cho viéc phan loai tiéng
suing trong cdc hé thong gidm st an ninh quéc phong va vmg dung gidm dinh am thanh.

Tir khoa: Phan loai 4m thanh; Quang phd; Hoc may.
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