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Accurate identification of firearm types from acoustic signals is essential
for modern public safety and forensic applications. Traditional gunshot
analysis methods often rely on physical evidence or handcrafted audio
features, which can be unreliable under noisy and reverberant conditions.
This study presents a systematic investigation of gunshot sound classification
using Mel spectrogram representations and convolutional neural networks
(CNNs). Raw audio signals are transformed into Mel spectrogram images,
enabling firearm classification to be formulated as an image recognition
problem. Thirteen CNN architectures, ranging from lightweight to deep
models, are evaluated under a unified experimental protocol to analyze
both classification performance and computational efficiency. Experiments
are conducted on a publicly available multi-firearm dataset recorded in
semi-controlled real-world environments. The results demonstrate that Mel
spectrogram—based CNN models achieve classification accuracy exceeding
94%, while moderate-complexity architectures provide a favorable balance
between accuracy and efficiency. The findings highlight the importance of
representation—architecture alignment and offer practical design guidelines for
selecting deployable CNN models in real-time gunshot detection systems.
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1. INTRODUCTION

The global increase in firearm-related violence has intensified the demand for rapid and reliable

gunshot identification systems.

Artificial intelligence (Al)-based approaches provide a non-invasive and

real-time alternative to traditional ballistic analysis by exploiting distinctive acoustic characteristics of gunfire,
including frequency content, amplitude, and temporal dynamics. These capabilities are particularly valuable
for law enforcement and public safety applications that require immediate situational awareness.

In the United States alone, more than 600 mass shootings were reported in 2022, motivating
the widespread deployment of acoustic gunshot detection systems in major cities. Technologies such as
ShotSpotter employ distributed acoustic sensors to detect and localize gunfire events, significantly reducing
response times in urban environments. Similar challenges are observed globally, particularly in Latin
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America, where countries such as Brazil and Mexico account for a substantial proportion of firearm-related
homicides [1]-[3]. Unlike conventional firearm identification methods that rely on physical evidence such
as bullets or shell casings, Al-based gunshot detection systems operate directly on acoustic signals captured
by distributed sensors. Recent advances in deep learning and signal processing have further improved the
robustness and scalability of these systems across diverse environments, enabling rapid firearm identification,
localization, and timely law enforcement response [4]—[8].

Early Al-based approaches relied on handcrafted audio features, including spectral descriptors and
Mel-frequency cepstral coefficients (MFCCs). Although effective to some extent, these features often
struggled under noisy and reverberant conditions due to the highly impulsive and broadband nature of
gunshot sounds [9]. Consequently, recent research has increasingly adopted time—frequency representations,
particularly Mel spectrograms, as primary inputs for deep learning models. Mel spectrograms provide
perceptually motivated time—frequency representation that effectively captures rapid onset transients and
broadband energy characteristics of gunfire. By transforming raw audio signals into two-dimensional
representations, gunshot detection can be formulated as an image classification problem, enabling the effective
use of convolutional neural networks (CNNs) [10]. Recent studies have shown that CNNs trained on
Mel spectrograms consistently outperform traditional feature-based approaches in terms of accuracy and
robustness. For instance, Aggarwal et al. [[11]] combined Mel spectrograms with a convolutional-gated recurrent
unit (GRU) architecture to enhance the classification performance in acoustically complex environments, while
Goldwater et al. [12] demonstrated reliable discrimination between gunshots and other impulsive sounds such
as fireworks and thunder.

Despite these advances, accurate gunshot detection in real-world environments remains challenging
due to environmental noise, reverberation, and variability in firearm acoustic signatures across diverse
deployment scenarios, including urban public spaces, schools, and outdoor or conservation environments.
A key difficulty lies in extracting discriminative features from highly impulsive and non-stationary gunshot
signals, for which traditional time-domain descriptors and handcrafted spectral features often exhibit limited
robustness and poor generalization under noisy and reverberant conditions [13]-[15]. In contrast, Mel
spectrograms provide a perceptually grounded time—frequency representation that effectively captures rapid
onset transients and broadband energy distributions characteristic of firearm discharges, thereby offering
improved robustness and suitability for deep learning—based gunshot classification. As illustrated in Figure [I]
different firearm types exhibit distinct Mel spectrogram patterns, highlighting their suitability for fine-grained
gunshot classification. The horizontal axis denotes time (s), and the vertical axis represents frequency (Hz) on
Mel scale. The spectrograms were generated using FFT size of 512, a hop length of 256, and 128 Mel bands.

As illustrated in Figure 1(a), the Smith and Wesson (.38) exhibits concentrated low-frequency energy
patterns. Figure 1(b) presents the Glock 17 Gen3 (9mm) Mel spectrogram with sharper transient structures.
Figure 1(c) shows the Remington 870 (12-G) with broader spectral distributions. Figure 1(d) illustrates the
Ruger AR-556 (.223) with stronger high-frequency components.

By transforming raw audio signals into image-like Mel spectrogram representations, gunshot detection
can be reformulated as an image recognition problem. This enables CNNs to exploit spatial and hierarchical
feature learning, improving robustness across acoustically complex environments. However, the effectiveness
of Mel spectrogram-based classification is strongly influenced by the choice of CNN architecture, as different
models vary in their capacity to learn meaningful spectro-temporal patterns. Unlike our previous work, which
compared multiple time—frequency representations, this study fixes the Mel spectrogram as the input feature
and instead focuses on a systematic evaluation of CNN architectures. By jointly analyzing classification
performance and computational scalability through a unified Big-O complexity formulation, the proposed
framework provides insights into accuracy—efficiency trade-offs and supports informed architecture selection
for deployable gunshot detection systems.

This study addresses the aforementioned challenges by proposing an enhanced gunshot classification
framework that integrates Mel spectrogram—based feature extraction with a systematic evaluation of multiple
state-of-the-art CNN architectures. In contrast to prior studies that assess only one or a limited number
of models, this work conducts a comprehensive comparison of thirteen CNN architectures, ranging from
lightweight networks such as SqueezeNet and EfficientNet-BO to deeper models including ResNet50,
DenseNet-201, and InceptionResNetV2. A publicly available dataset comprising gunshot recordings from
multiple firearm types captured in a semi-controlled real-world environment is employed, thereby enhancing
the ecological validity and reproducibility of the experimental results [16]]. Related studies on gunshot sound
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classification, including CNN-based and hybrid deep learning approaches, are summarized in Table[T]

Figure 1. Mel spectrogram images of different firearm types: (a) Smith and Wesson (.38),
(b) Glock 17 Gen3 (9mm), (c) Remington 870 (12-G), and (d) Ruger AR-556 (.223)

Table 1. Comparison of representative works on gunshot sound classification

Reference Dataset Audio representation Model / method Key outcome
Aggarwal et al. [11]], 2023  Gunshot Mel spectrogram CNN-GRU Improved  classification
in acoustically complex
environments
Bajzik et al. [10], 2020 Gunshot Spectrogram CNN High accuracy for
impulsive sound detection
Singh et al. [9], 2021 Gunshot-like ~ Handcrafted features Machine learning Robust performance under
sounds noisy recordings
Raponi et al. [4], 2022 Gunshots Raw audio samples Deep learning Application to digital
forensics of firearm audio
This work Multi-firearm  Mel spectrogram CNN (13 architectures) ~ Accuracy > 94% with
dataset systematic  architectural
evaluation

The main contributions of this study are summarized as follows:

— This paper provides a systematic analysis of Mel spectrogram-based gunshot sound classification, focusing
on the interaction between time—frequency representation design and CNN architectural capacity rather than
proposing a new task-specific model.

— It demonstrates that classification performance is primarily driven by representation—architecture alignment,
and that increasing network depth or complexity alone leads to performance saturation under fixed Mel
spectrogram representations.

— A unified evaluation framework is established that jointly considers classification performance and
computational complexity, enabling explicit analysis of accuracy—efficiency trade-offs across a wide range
of CNN architectures.

— Through extensive experiments on a multi-firearm dataset recorded under realistic acoustic conditions, the
study provides empirical evidence that moderate-complexity CNNs can achieve competitive performance
when paired with perceptually grounded representations.

— The findings yield practical and reproducible design guidelines for selecting CNN architectures in deployable
gunshot detection systems under real-world computational constraints.

The remainder of this paper is organized as follows. Section 2 presents the literatur review of this
study. Section 3 presents the problem formulation, research objectives, dataset characteristics, and associated
constraints. Section 4 reports the experimental results and provides a detailed discussion and comparative
analysis of proposed method. Finally, section 5 concludes paper and outlines directions for future research.

2. LITERATURE REVIEW

Recent research on gunshot detection and firearm-type classification has increasingly leveraged deep
learning to improve robustness under diverse acoustic conditions. Prior works can be broadly grouped into:
1) audio representation design for discriminative feature extraction and ii) modeling choices that balance
accuracy and computational efficiency for deployment. Audio representations for gunshot analysis: a
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common strategy is to transform raw waveforms into time—frequency representations, such as short-time
fourier transform (STFT)-based spectrograms and Mel spectrograms, which expose transient and broadband
gunfire patterns as image-like inputs suitable for convolutional learning. Studies using spectrogram-based
representations report improved discrimination between gunshots and background noise sources in real-world
settings [6], [LO], [12]. In parallel, MFCCs and handcrafted descriptors remain competitive for certain datasets,
but their performance can degrade under strong noise and reverberation due to the impulsive and non-stationary
nature of gunshot signals [9]. More recent approaches also consider efficient training and inference for
rare-event detection and practical deployments [[17]], [[18]].

Deep learning models for gunshot detection and classification: CNNs are widely adopted for
gunshot detection and firearm-type classification because they effectively learn spatial and hierarchical patterns
from time—frequency representations, such as spectrogram images, while offering favorable accuracy—latency
trade-offs for real-time and near—real-time applications. By exploiting local receptive fields and weight sharing,
CNN s are particularly well suited for capturing the transient and broadband spectral characteristics of impulsive
gunshot sounds. Beyond conventional CNN-based models, several studies have explored hybrid architectures
that combine convolutional feature extractors with temporal modeling components, such as recurrent neural
networks (RNNs) or gated recurrent units (GRUSs). These CNN-RNN and CNN-GRU frameworks aim to better
capture the temporal evolution of gunshot impulses across consecutive time frames, often improving robustness
in acoustically complex environments at the cost of increased computational complexity and latency [[11]].

More recently, transformer-based models have been investigated for gunshot-related audio tasks due
to their ability to model long-range dependencies and global contextual relationships in sequential data. While
these models can achieve competitive performance, they typically require substantially greater computational
resources and larger training datasets, which may limit their applicability in low-power or resource-constrained
deployment scenarios [6]]. Beyond gunshot-specific applications, broader studies on deep learning—based audio
classification have analyzed common architectural patterns, representation choices, and learning paradigms
across diverse sound domains [[19]]. These studies provide general insights into model design trends for audio
data but are not tailored to impulsive firearm sound classification. In addition to task-specific models, general
methodological studies provide broader perspectives on deep learning model taxonomies, architectural design
principles, and transfer learning strategies for classification problems [20]], [21]. Such works are referenced
here solely to provide background context on deep learning architectures, rather than as direct solutions for
gunshot detection or firearm classification tasks.

Summary and motivation of this study: evidence from music information retrieval (MIR) demonstrates
that Mel spectrograms combined with CNNs enable hierarchical feature learning and strong performance across
audio classification tasks, including chord recognition and pitch-related estimation [22]], [23]. Additional
MIR studies show that deeper CNNs can improve discriminative performance for isolated or monophonic
sounds, although architecture choice and evaluation protocols strongly influence the observed gains [24]-[26].
However, systematic evaluations of modern CNN architectures with explicit accuracy—efficiency considerations
remain limited in firearm audio domains. Motivated by these gaps, this study fixes Mel spectrograms as the
input representation and systematically evaluates thirteen CNN architectures under a unified and reproducible
protocol, with an emphasis on accuracy—efficiency trade-offs for deployable firearm-type classification.

Optimization trends and open challenges: beyond model selection, recent work highlights
optimization strategies for practical deployment, including data augmentation, robustness improvements, and
efficiency-oriented training to reduce false positives and latency in noisy environments. Remaining challenges
include improving robustness under overlapping impulsive sounds, reducing false alarms, and achieving
reliable performance on resource-constrained edge devices [27]]. Table [T] summarizes representative gunshot
sound classification studies in terms of datasets, audio representations, modeling approaches, and reported
outcomes [4], [9]-[11]. Compared with prior works that often evaluate a small number of models, this study
provides a broader cross-architecture comparison using a unified Mel spectrogram representation and reports
both classification performance and computational considerations.

3.  PROBLEM FORMULATION AND CONSTRAINTS

This study aims to classify firearm types based on gunshot audio recordings by leveraging Mel
spectrogram representations and modern CNN architectures. The problem is formulated as a multi-class
audio classification task, where each input audio signal is transformed into a time—frequency representation
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and mapped to a corresponding firearm category. The primary challenge arises from the subtle acoustic
differences between firearm types, which are influenced by factors such as weapon design, ammunition, and
recording environment. These variations often overlap in the time—frequency domain, making discrimination
difficult for traditional feature-based or shallow learning methods. To address these challenges, this work
employs Mel spectrogram-based feature extraction in combination with multiple CNN architectures capable
of learning hierarchical spectral patterns. The main constraints of the problem include acoustic similarity
between certain firearm classes, environmental variability in real-world recordings, and the need to balance
classification accuracy with computational efficiency for practical deployment.

3.1. Research objectives
This study aims to investigate the effectiveness of Mel spectrogram representations and CNN
architectures for gunshot sound classification. The primary research objectives are summarized as follows:

— Improve classification accuracy: develop a system to accurately identify firearms from gunshot sounds by
leveraging advanced audio features and CNN architectures, with a focus on precise analysis of distinct
acoustic characteristics.

— Analyze audio features: utilize Mel spectrograms techniques to extract and analyze key audio features from
gunshot recordings, providing valuable insights into the unique properties of each sound.

— Evaluate CNN architectures: train and assess a variety of CNN models, including ResNet-18, ResNet-50,
DenseNet-201, EfficientNet-b0, Inception-ResNet-v2, and others, to identify the most effective architecture
for gunshot sound classification.

— Ensure model robustness: implement 5-fold cross-validation to validate model performance, reduce
overfitting, and ensure that the models can generalize well across different subsets of data.

3.2. Scope of research

This subsection defines the scope and limitations of the proposed study. It includes the dataset
characteristics and firearm categories. It also covers the selected feature extraction and deep learning models
considered in the experimental evaluation.

— Dataset: the dataset used in this study was originally provided by Kabealo et al. [16] and consists of
a comprehensive collection of 2,443 gunshot audio recordings captured from multiple firearm types and
orientations. The data were collected in a semi-controlled outdoor firing range environment using edge
devices strategically deployed at different locations to record gunshots from various angles, thereby ensuring
diverse and realistic acoustic signatures. All recordings were captured in stereo format at a sampling
rate of 44.1 kHz with a bit rate of 128 kbps, providing high-fidelity audio suitable for detailed acoustic
analysis. The distribution of audio files across the four firearm categories considered in this study is
summarized in Table 2l

— Firearm types: this research focuses on four specific firearm types, namely Smith and Wesson .38 caliber,
Glock 17 Gen3 9 mm, Remington Model 870 12-gauge, and Ruger AR-556 .223 caliber. These firearms
represent distinct weapon categories, including revolvers, semi-automatic pistols, shotguns, and rifles, which
exhibit different acoustic characteristics.

— Feature and model selection: the study concentrates on Mel spectrogram—based audio representations in
combination with selected CNN architectures. While other audio features and deep learning models may
also be applicable to gunshot classification, they are beyond the scope of this work and are not considered in
the present analysis.

Table 2. Types of guns and number of audio files in dataset 1

Gun type Number of files
Smith and Wesson .38 caliber 519
Glock 17 Gen3 9 mm 730
Remington model 870 12-gauge 466
Ruger AR-556 .223 caliber 728

3.3. Proposed method overview
The overall workflow of the proposed gunshot classification system is illustrated in Figure [2l The
workflow illustrates the main stages from raw audio input, preprocessing, Mel spectrogram generation,
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CNN-based training and inference, to performance evaluation. The pipeline begins with raw gunshot audio
signals recorded in waveform format, which are first subjected to preprocessing steps including resampling,
normalization, and framing with windowing to ensure consistency across all audio samples. Subsequently,
Mel spectrograms are generated to transform the one-dimensional audio signals into two-dimensional
time—frequency representations that effectively capture perceptually meaningful acoustic patterns. These Mel
spectrogram images serve as input features for training and evaluating multiple CNN architectures, including
both lightweight and deep models. Finally, the trained CNN models are evaluated using standard performance
metrics derived from the confusion matrix, including accuracy, precision, recall, F1-score, specificity, false
positive rate (FPR), and area under the curve (AUC). These metrics provide a comprehensive assessment of the
model’s classification performance by jointly capturing correctness, sensitivity, and robustness to false alarms.

Importantly, the use of Mel spectrograms as input representations plays a critical role in achieving
reliable evaluation outcomes. By mapping the frequency components of gunshot signals onto a perceptually
motivated Mel scale, the spectrograms emphasize acoustically meaningful patterns while reducing sensitivity
to minor spectral variations and background noise. This representation enhances the discriminative capability
of CNN models, enabling clearer separation between firearm classes and more stable decision boundaries.
As a result, the evaluation metrics reflect not only high overall accuracy but also balanced precision and
recall, indicating effective mitigation of misclassification and false positive errors in acoustically complex
scenarios. The implementation of the proposed pipeline was carried out using MATLAB R2024a, leveraging
the deep learning toolbox and audio toolbox. These tools provide efficient support for audio preprocessing, Mel
spectrogram generation, CNN training, and GPU-accelerated computation, ensuring reliable and reproducible
experimental results under consistent technical constraints.

Input Procpesssing Feature Extraction Deep Learning Evaluation Output
Mel Spectoraram
Generation
Gunshot Audio * Resempling CNN + Accuracy Firearm
Signals (wav, + Nommization « Precision / Rscall Classification
. STFT
44.1 kEL (ResNet50,
e Z, . Fr;ammg-& » Mel Filter Bank InceptionRersty2), + AUC /ROC Resglls + !
ono Windowing \—l I DesNeetVa), VGGI N oafision Mahis Comparative Analysii
S0 DenseNel, etc.)
Log Scale

Figure 2. Overview of proposed end-to-end gunshot classification pipeline using Mel spectrograms and CNNs

3.4. Analyze audio features: Mel spectrograms

Mel spectrograms are widely adopted for analyzing non-stationary acoustic signals, such as gunshots,
due to their ability to represent localized time—frequency characteristics in a perceptually meaningful manner.
Gunshot sounds are impulsive, broadband, and highly transient, exhibiting rapid energy variations across a wide
frequency range. Conventional time-domain features or linear frequency representations often fail to capture
these properties effectively, particularly under noisy or reverberant conditions. In contrast, Mel spectrograms
provide a compact and robust representation by aligning spectral resolution with human auditory perception,
making them especially suitable for firearm sound analysis.

All Mel spectrograms were generated in MATLAB using the melSpectrogram function with fixed
parameters to isolate the effect of CNN architectural design. Each input waveform was loaded at its native
sampling rate fs and converted to mono by channel averaging when stereo recordings were provided. A
Hamming analysis window of length N = 512 samples was applied with an overlap of 256 samples
(hop size H = 256), and the STFT was computed with an FFT length of Nppr = 512. The magnitude
spectrum was then projected onto a Mel filter bank with A/ = 128 Mel bands spanning the full frequency
range [0, fs/2] (Nyquist limit). Finally, log-compression was applied to obtain image-like inputs using log(S),
where S denotes the Mel spectrogram matrix. Under these settings, the time resolution is determined by the
hop size (H/ fs seconds per frame), while the frequency coverage is fixed to the Nyquist range and discretized
into 128 Mel bins.

The generation of a Mel spectrogram follows a structured signal-processing pipeline, as illustrated in
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Figure 3] First, the raw audio signal is loaded and preprocessed through normalization and, when necessary,
resampling to ensure consistency across recordings. The signal is then segmented into short, overlapping
frames and windowed to capture local temporal dynamics. Subsequently, the STFT is applied to obtain a
time-dependent frequency representation. The resulting power spectrum is projected onto the Mel scale using a
bank of overlapping triangular filters, followed by logarithmic amplitude compression. This sequence preserves
discriminative spectral cues while suppressing insignificant variations caused by background noise or recording
conditions, thereby enhancing feature stability for subsequent learning stages.

RAW AUDIO SIGNAL & [ FRAMING & | MEL FILTER BANK POWER MEL SPECTOGRAM
SPECTRUM =
SHORT-TIME FOURLER LOGORAAPHIC
\! TRANSFORM COMPRESSION
(STFP) \
PREPCORSSING o . El L I[ Time-Frecpency Represantation
(Normiketion, Ressrpling) | |- Projection onto Mel Scale | N
<

Raw Audio Input -

Figure 3. Processing pipeline for generating a Mel spectrogram from an audio signal

The Mel scale is a nonlinear frequency transformation designed to approximate the human auditory
system’s perception of pitch. It provides higher resolution at lower frequencies, where perceptual sensitivity is
greater, and progressively coarser resolution at higher frequencies. The relationship between a linear frequency
f (in Hertz) and its Mel-scale representation m is defined in (T)).

f
= 2595 -1 14+ — 1
m 0810 ( T 200 (1
Formally, the computation of a Mel spectrogram consists of the following steps:
— STFT: the audio signal is divided into short, overlapping frames to capture local temporal variations. A
Fourier transform is then applied to each frame, producing a time-frequency representation. The STFT of a
signal z(t) is defined in (2).

o0
Xt f)= / z(r)w(t —7)e 2™ dr (2)
— 00
Where w(t) denotes the window function that controls spectral leakage and the time—frequency trade-off.

— Projection onto the Mel scale: the linear-frequency spectrum obtained from the STFT is mapped onto the Mel
scale using a bank of overlapping triangular filters. This step emphasizes perceptually relevant frequency
bands while reducing redundancy in higher-frequency regions that are less informative for discriminating
firearm sounds.

— Logarithmic amplitude compression: the Mel-filtered power spectrum is converted to a logarithmic scale
to compress dynamic range variations and approximate the nonlinear loudness perception of the human
auditory system. This operation improves numerical stability and enhances low-energy spectral components
that may carry discriminative information.

— Resulting representation: the final Mel spectrogram is a two-dimensional time-frequency representation,
where the horizontal axis corresponds to time, the vertical axis represents Mel-scaled frequency bins, and
the intensity encodes signal energy.

From a machine learning perspective, Mel spectrograms enable the transformation of one-dimensional
audio signals into image-like representations that are well suited for CNNs. The localized spectro-temporal
patterns of gunshot sounds, such as rapid onset transients and broadband energy distributions, are captured as
spatial features within the spectrogram. CNNs can exploit these patterns through hierarchical convolutional
filters, leading to improved discrimination between firearms with similar acoustic signatures.

Computational complexity analysis: In addition to their representational advantages, Mel
spectrograms offer a tractable computational profile. For an audio signal of length L, using an STFT
window size of [N with overlap O, the computational complexity of the STFT stage is given in (3).

L
TSTFT =0 (O . NlOg N) (3)
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Where % denotes the number of analysis frames and N log N corresponds to the computational cost of the
Fast Fourier Transform (FFT) per frame. As shown in (3), the overall computational cost of the STFT grows
linearly with the signal length and logarithmically with the window size.

The projection onto the Mel scale using M Mel filters has a computational complexity of (4).

Tmel-Filter = O(M - N) 4

Where M denotes the number of Mel filters and N represents the number of frequency bins. As shown in @),
the computational cost of the Mel filterbank grows linearly with both M and N.

In addition, the logarithmic amplitude compression introduces an additional computational
cost given by (5).

Tiog = O(M - N) (5)

As indicated in (3)), the logarithmic scaling step also incurs linear computational overhead with respect to
the Mel spectrogram dimensions. Consequently, the overall computational complexity for generating a Mel
spectrogram can be expressed as (6).

L
Tver spectrogram — 0 <O . NlOgN + M - N> (6)

Where L is signal length, N is FFT window size, O is overlap, and M denotes the number of Mel frequency
bands. As summarized in (6), the overall computational cost is dominated by the STFT operation, while the
Mel filterbank and logarithmic scaling introduce an additional linear overhead. This complexity demonstrates
that Mel spectrogram generation is computationally efficient and scalable, making it suitable for both offline
analysis and real-time or near-real-time firearm sound classification systems. As a result, Mel spectrograms
form a critical bridge between raw acoustic signals and deep learning models in this study, supporting accurate
firearm classification and reliable performance evaluation in realistic acoustic environments.

4. RESULTS AND DISCUSSION

This study presents an effective approach for gunshot sound classification by combining Mel
spectrogram-based feature extraction with multiple CNN architectures. The experimental results demonstrate
that the proposed framework achieves high classification performance across various evaluation metrics,
including precision, recall, Fl-score, specificity, FPR, and AUC. The experiments were conducted using
a comprehensive firearm dataset reported in [9], [16], which includes gunshot recordings from multiple
firearm types. The results indicate that classification performance is strongly influenced by the selected
CNN architecture, with deeper models generally achieving superior accuracy and robustness. These findings
confirm the effectiveness of Mel spectrograms and CNN-based models for reliable gunshot detection in realistic
acoustic environments.

4.1. Performance comparison of convolutional neural network architectures using Mel spectrograms

This subsection presents a comparative evaluation of multiple CNN architectures using Mel
spectrograms for gunshot sound classification. Performance was assessed using standard metrics, including
accuracy, precision, recall, Fl-score, specificity, FPR, and AUC, as summarized in Table The results
indicate that deeper architectures consistently outperform lightweight models. In particular, ResNet50 and
InceptionResNetV2 achieved the highest classification accuracies of 94.83% and 94.51%, respectively, along
with high precision, recall, and AUC values. These architectures benefit from residual connections and hybrid
inception modules, which enhance feature reuse and enable effective learning of fine-grained spectro-temporal
patterns present in Mel spectrograms.

Other deep models, including VGG-16, VGG-19, DenseNet-201, and ResNet-101, also demonstrated
strong performance, achieving accuracies above 93%. DenseNet-201 benefits from dense feature propagation,
while VGG-based architectures effectively capture spatial structures through deep stacks of convolutional
layers. These models further exhibited high specificity and low FPR, indicating reliable discrimination
between firearm classes and reduced false alarms. Moderate-complexity architectures such as AlexNet and
EfficientNet-B0 achieved competitive performance, with accuracies exceeding 91%. Notably, AlexNet reached
an accuracy of 93.62%, highlighting that well-designed Mel spectrogram representations can compensate for
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reduced architectural depth. Such models present a favorable balance between computational efficiency and
classification accuracy, making them suitable for near—real-time applications.

In contrast, lightweight architectures primarily optimized for computational efficiency, including
SqueezeNet and the proposed custom CNN, exhibited comparatively lower classification performance.
SqueezeNet achieved an accuracy of 88.55%, while the custom CNN attained an accuracy of 81.73%. This
performance gap is mainly attributed to the limited representational capacity of lightweight and shallow
architectures in capturing subtle spectral variations between acoustically similar firearm classes. A detailed
analysis and discussion of the custom CNN performance, including a direct comparison with existing gunshot
detection models, is provided in subsection 4.3.

Overall, the results confirm that classification performance improves with increasing architectural
depth and connectivity. While high-capacity models such as ResNet50 and InceptionResNetV?2 are preferable
for applications requiring maximum accuracy and robustness, lighter models remain viable alternatives in
resource-constrained or low-latency deployment scenarios. This trade-off highlights the importance of selecting
CNN architectures based on both performance requirements and computational constraints.

Table 3. Performance metrics for Mel spectrogram with CNN architectures

CNN architecture Accuracy (%)  Precision Recall Fl-score  Specificity FPR AUC

AlexNet 93.62 0.89908 0.98 0.93780 0.96657 0.03344  0.99507
DenseNet-201 93.62 0.95960  0.94059  0.95000 0.98784 0.01216  0.99553
EfficientNet-b0 91.20 0.89320 0.92 0.90640 0.96657 0.03344  0.98629
GoogLeNet 89.67 0.92632 0.88 0.90256 0.97879 0.02121  0.98531
InceptionResNetV2 94.51 0.95000 0.95 0.95000 0.98485 0.01515  0.99402
Inception-v3 92.32 0.90385  0.93069  0.91707 0.96951 0.03049  0.98929
ResNet18 93.06 0.92079  0.92079  0.92079 0.97576 0.02424  0.98993
ResNet50 94.83 0.92381 0.97 0.94634 0.97561 0.02439  0.99647
ResNet101 93.95 0.96809  0.90099  0.93333 0.99088 0.00912  0.99451
SqueezeNet 88.55 094318  0.82178  0.87831 0.98485 0.01515  0.97755
VGG-16 93.06 0.97917 0.94 0.95918 0.99390 0.00610  0.99565
VGG-19 93.67 0.96040 0.9604  0.96040 0.98780 0.01220  0.99730
Custom architecture 81.73 0.80582  0.80208  0.80192 0.93772 0.06227  0.94940

4.2. Confusion matrix analysis

This subsection focuses on the four most representative and high-performing CNN architectures,
namely ResNet50, InceptionResNetV2, VGG19, and EfficientNet-BO. Their class-wise confusion matrices
are illustrated in Figure [l while the overall classification accuracy comparison across CNN architectures is
shown in Figure[5] Overall, all four models exhibit strong diagonal dominance, indicating reliable class-wise
discrimination when trained on Mel spectrogram representations. The results demonstrate that deeper CNN
architectures can effectively capture discriminative spectro-temporal patterns associated with different firearm
categories. Figure 4(a) illustrates the confusion matrix of ResNet50, which achieves the most balanced
classification performance across firearm categories with minimal off-diagonal errors. Figure 4(b) presents
the results of InceptionResNetV2, demonstrating strong robustness against inter-class confusion through
multi-scale feature extraction and residual learning. Figure 4(c) shows the VGG19 confusion matrix with stable
classification behavior across most firearm types due to its deep convolutional feature hierarchies. Figure 4(d)
illustrates the EfficientNet-BO results, highlighting a favorable trade-off between classification accuracy and
computational efficiency while maintaining a compact model size.

The remaining CNN architectures, including AlexNet, GoogLeNet, Inception-v3, DenseNet-201,
ResNet18, ResNet101, and SqueezeNet, exhibit varying degrees of classification performance. While these
models generally maintain dominant diagonal elements, they show higher levels of inter-class confusion,
particularly between acoustically similar handgun categories. Lightweight and shallower architectures tend
to struggle in fully exploiting fine-grained Mel spectrogram details, whereas deeper models without optimal
architectural design do not consistently outperform the selected top-performing networks. Consequently,
these architectures are considered supplementary for comparative analysis rather than primary candidates for
high-reliability firearm sound classification.
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Figure 4. Average confusion matrices of the four best-performing CNN architectures trained on Mel
spectrogram representations: (a) ResNet50, (b) InceptionResNetV2, (c) VGG19, and (d) EfficientNet-BO
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Figure 5. Performance comparison of CNN architectures using Mel spectrogram features for gunshot
classification

4.3. Performance comparison between proposed method and existing gunshot detection models

This subsection compares the performance of the proposed custom architecture with an existing
gunshot detection model reported by Aggarwal et al. [11]]. To ensure a fair and reproducible comparison,
the same Mel spectrogram generation parameters and CNN configuration described in the reference study
were adopted. Mel spectrograms were generated using an FFT size of 512, a hop length of 256 (50% overlap),
and 128 Mel frequency bands spanning from 0 Hz to the Nyquist frequency. A Hann window function was
applied, and logarithmic amplitude scaling was performed using log(1+1000 x S), consistent with the baseline

From audio to image: gunshot classification using Mel spectrogram convolutional ... (Peerapol Khunarsa)



2176 ) ISSN: 2088-8708

methodology. The custom architecture consisted of four convolutional layers with batch normalization, rectified
linear unit (ReLU) activation, and max-pooling, followed by fully connected layers with 128 neurons and
dropout regularization. The network was trained using the Adam optimizer with a learning rate of 1 x 1074,
a batch size of 32, and 20 epochs. Under these conditions, the custom architecture achieved an accuracy
of 81.73%, with corresponding precision, recall, and Fl-score values of 0.80582, 0.80208, and 0.80192,
respectively. While these results demonstrate that the baseline model can effectively learn discriminative
patterns from Mel spectrograms, its performance remains noticeably lower than that of more advanced CNN
architectures evaluated in this study.

A broader comparison with twelve established CNN models—including AlexNet, DenseNet-201,
EfficientNet-BO, GoogLeNet, Inception-v3, InceptionResNetV2, ResNet variants, SqueezeNet, and VGG
architectures—reveals that state-of-the-art networks consistently outperform the custom architecture. In
particular, ResNet50 and InceptionResNetV2 achieved accuracies exceeding 94%, while VGG-19 and
DenseNet-201 also surpassed 93%. The performance gap, ranging from approximately 10% to 13% in
accuracy, highlights the limitations of shallow or manually designed architectures when applied to complex
gunshot classification tasks.

These findings indicate that while the custom architecture serves as a useful baseline for benchmarking
and methodological comparison, deeper CNN architectures with residual, dense, or inception-based
connectivity are more effective in exploiting the fine-grained spectro-temporal information encoded in Mel
spectrograms. The results further emphasize the trade-off between computational efficiency and classification
accuracy. Lightweight models offer reduced computational cost but lower performance, whereas deeper
architectures achieve superior accuracy at the expense of increased computational and memory requirements.
Overall, this comparison underscores the importance of selecting CNN architectures that balance performance
and efficiency according to deployment constraints. For high-accuracy gunshot detection systems, deep
residual or hybrid architectures are preferable, while simpler models may be suitable for real-time or
resource-limited applications.

4.4. Analysis of time complexity using Big-O notation

This section analyzes the computational complexity of the proposed gunshot classification pipeline
using Big-O notation. The analysis focuses on two primary components: i) Mel spectrogram computation as the
feature extraction stage, and ii) the CNN architectures employed for classification. By jointly considering these
components, the overall computational cost of the system can be systematically characterized and compared
across different model configurations.

4.4.1. Computational complexity of convolutional neural network architectures

In this study, multiple CNN architectures with varying depths and structural designs were employed
to classify Mel spectrogram representations of gunshot audio signals. These architectures differ significantly in
their computational demands. Due to variations in convolutional depth, kernel sizes, feature map dimensions,
and connection strategies (e.g., residual or dense connections). To facilitate a clear comparison, the CNN
architectures used in this research are summarized and ranked in ascending order of computational complexity,
as shown in Table[d] The ranking is based on the dominant convolutional operations, which typically constitute
the primary computational cost in CNN-based models. Here, H; and W, denote the spatial dimensions of
the feature maps at layer ¢, K; represents the kernel size, and F; is the number of output feature maps. For
architectures with fully connected layers, Ngc and F', correspond to the number of neurons and input features
of the final classification layer, respectively. The term Cgense accounts for the additional cost introduced by
dense connectivity patterns in DenseNet architectures.

This complexity ranking highlights the trade-off between computational efficiency and
representational capacity. Lightweight models such as the custom CNN and SqueezeNet require minimal
computational resources, making them suitable for real-time or embedded gunshot detection systems.
EfficientNet-BO0 offers a favorable balance between accuracy and efficiency by leveraging depth-wise separable
convolutions and compound scaling. Moderately complex architectures, including AlexNet and GoogLeNet,
provide reliable performance with manageable computational costs. In contrast, deeper models such as
ResNet-50, ResNet-101, InceptionResNetV2, and DenseNet-201 exhibit substantially higher computational
demands but are capable of extracting more discriminative spectro-temporal features from Mel spectrograms.
These architectures are particularly effective in scenarios where high classification accuracy is prioritized, and
sufficient computational resources are available.
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Table 4. Order of computational complexity for CNN architectures

CNN architecture Computational complexity (Big-O)  Remarks
Custom CNN Minimal Lightweight architecture for low-resource environments
SqueezeNet O H;W,;K?F;) Parameter-efficient fire modules

. S HW;K2F; . . .
EfficientNet-BO o =47+ Depth-wise separable convolutions and compound scaling
AlexNet O H;W; K f F; + NgcFr) Shallow model with moderate fully connected cost
GoogLeNet O HiW;K?F;) Inception modules reduce redundant computation
ResNet-18 O H:W; K? F;) Shallow residual architecture
VGG-16 O(-H;W; -3% - F;) Deep architecture with fixed small kernels
VGG-19 O H,W;-3%2 . F;) Increased depth compared to VGG-16
Inception-v3 O3 H,W;K f Fy) Deeper multi-branch convolutional structure
InceptionResNetV2 O HiW;K?Fy) Combined inception and residual connections
ResNet-50 O3 HiW; K2 Fy) Deeper residual network
ResNet-101 O H,W,;K?F;) Very deep residual architecture
DenseNet-201 O H;W; K f F; + Cense) High complexity due to dense feature reuse

4.4.2. Implications for Mel spectrogram-based gunshot detection

When combined with the Mel spectrogram feature extraction stage, the overall computational
complexity of the proposed system is dominated by the convolutional layers of the CNN models rather than the
spectrogram generation process itself. As discussed in the previous subsection, Mel spectrogram computation
scales as O(%N logN + M N ), which remains tractable for typical audio lengths and parameter settings.
Consequently, the selection of CNN architecture plays a decisive role in determining whether the system can
operate in real-time or is more suitable for offline analysis. In real-world gunshot detection applications, such
as urban surveillance or security monitoring, environmental noise, reverberation, and acoustic variability pose
significant challenges. Mel spectrograms provide a perceptually grounded and noise-robust representation,
while appropriately selected CNN architectures enable a balance between computational efficiency and
classification performance. Therefore, understanding the computational complexity of both feature extraction
and classification stages is essential for designing deployable and scalable Al-based gunshot detection systems.

4.4.3. Relationship between computational complexity and classification performance

The empirical results presented in Table [3| provide important insights that complement the theoretical
time-complexity analysis discussed in the previous subsection. Although several CNN architectures
share similar asymptotic Big-O orders due to convolution-dominated operations, their actual classification
performance when applied to Mel spectrogram representations differs noticeably. This observation highlights
that Big-O notation captures asymptotic growth behavior but does not fully reflect the constant factors,
architectural efficiencies, or feature reuse mechanisms that influence real-world model performance.
Lightweight architectures such as the custom CNN and SqueezeNet exhibit the lowest computational
complexity, which aligns with their suitability for resource-constrained or real-time applications. However,
their classification accuracy remains comparatively limited, achieving only 81.73% and 88.55%, respectively.
This performance gap indicates that while reduced computational cost is beneficial, insufficient network depth
and representational capacity may limit the ability to capture discriminative spectro-temporal patterns present
in Mel spectrograms of gunshot signals.

Mid-range architectures, including AlexNet, EfficientNet-BO, GoogLeNet, and ResNet-18,
demonstrate a more balanced trade-off between computational efficiency and classification performance.
Despite having similar Big-O complexity orders, EfficientNet-BO leverages depth-wise separable convolutions
to reduce constant factors, while AlexNet benefits from a relatively shallow structure. These models achieve
accuracies above 90%, confirming that Mel spectrograms provide sufficiently rich representations even for
moderately complex CNNGs.

High-capacity architectures such as ResNet-50, ResNet-101, VGG-16, VGG-19, Inception-v3,
InceptionResNetV2, and DenseNet-201 consistently yield superior performance, with accuracies exceeding
93% and AUC values approaching unity. Notably, ResNet-50 achieves the highest accuracy of 94.83%, while
VGG-19 and DenseNet-201 exhibit strong precision—recall balance and low FPRs. These results confirm
that deeper architectures are more effective at exploiting the fine-grained spectro-temporal structures encoded
in Mel spectrograms. Nevertheless, their increased depth and connectivity introduce higher computational
overhead, which is consistent with the elevated complexity terms identified in the Big-O analysis.
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Overall, the combined theoretical and empirical analysis demonstrates that the dominant
computational cost in Mel spectrogram-based gunshot classification systems arises from the CNN inference
stage rather than the feature extraction process. While Big-O notation provides a principled framework for
comparing scalability, the experimental results emphasize the importance of considering performance metrics
such as accuracy, AUC, and FPR when selecting an architecture. Consequently, the optimal model choice
depends on the intended deployment scenario, balancing computational constraints against the required level
of detection accuracy and reliability.

4.4.4. End-to-end computational complexity of the proposed framework

The overall computational complexity of the proposed gunshot classification framework consists
of two main stages: i) Mel spectrogram generation for feature extraction, and ii) CNN-based inference for
classification. Accordingly, the end-to-end time complexity can be expressed as the sum of the complexities of
these two components. As discussed previously, the computational complexity of Mel spectrogram generation
for an audio signal of length L, using an STFT window size N with overlap O and M Mel frequency bands, is
given by (7).

TMelO(éNlOgN+MN> (7)

Which combines the complexity of the STFT stage in (3)) and the Mel filterbank projection in {@). As shown in
(@), the overall computational complexity of Mel spectrogram generation is dominated by the STFT operation,
with an additional linear cost introduced by the Mel filterbank.

The computational complexity of CNN inference is dominated by convolutional operations across all
layers and can be generally expressed as (8).

D
Tenn = O (Z Hy- W - K7 F) ®)

=1

Where D denotes the total number of convolutional layers, H; and W; represent the spatial dimensions of
the feature map at layer ¢, K; is the convolutional kernel size, and F; denotes the number of output feature
maps. As shown in (8], the inference complexity grows linearly with the number of layers and feature map
dimensions, and quadratically with the kernel size.

By combining both stages, the total end-to-end computational complexity of the proposed Mel
spectrogram-based CNN framework can be formulated as (9).

D

L

Ttota1:O<'NIOgN+M'N+ZHi'Wi'Ki2'Fi> 9
0 i=1

Which integrates the Mel spectrogram extraction complexity in (7) and the CNN inference complexity in (8).
As shown in (9), the overall computational cost is dominated by convolutional operations in deep CNN layers,
while the feature extraction stage introduces a comparatively lower overhead.

In practical deployment scenarios, the Mel spectrogram computation term grows linearly with
the signal length and remains relatively small compared to the convolutional inference cost, especially
for deep architectures. Consequently, the CNN component dominates the overall runtime, particularly
for high-capacity models such as ResNet-50, ResNet-101, DenseNet-201, and InceptionResNetV2.
This end-to-end formulation provides a unified theoretical framework for analyzing scalability and
efficiency, enabling systematic comparison between different CNN architectures under identical
feature extraction settings. Moreover, it clarifies the trade-off between computational cost and
classification performance, which is essential for selecting suitable models for real-time or offline gunshot
detection applications.

5. CONCLUSION

This study presented a systematic investigation of gunshot sound classification using Mel spectrogram
representations in combination with modern CNN architectures. By transforming firearm audio signals
into time-frequency images and evaluating thirteen CNN models under a unified experimental protocol,
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the proposed framework demonstrated strong classification performance, with the best-performing models
achieving accuracy exceeding 94%. The results confirm that Mel spectrograms effectively capture the impulsive
and broadband characteristics of gunshot sounds, while deeper and hybrid CNN architectures provide enhanced
discriminative capability. In addition to classification accuracy, this work also analyzed computational aspects,
offering insights into accuracy-efficiency trade-offs relevant to real-world deployment. Overall, the findings
provide a reproducible and extensible foundation for deep learning—based firearm sound classification and
support future research toward scalable and practical acoustic surveillance systems.
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