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Abstract: Suspicious urban sound recognition is a critical component of intelligent public safety and
urban monitoring systems, enabling the automated identification of anomalous acoustic events such as
gunshots, sirens, and other security-sensitive sounds. However, existing deep learning approaches of-
ten struggle to simultaneously capture long-range temporal dependencies and global contextual rela-
tionships, particularly under noisy and acoustically complex urban conditions. This limitation can re-
duce reliability in safety-critical scenarios where missed detections carry significant risk. To address
these challenges, this study proposes a Multi-Branch Bidirectional Long Short-Term Memory
(BiLSTM) framework with Multi-Head Self-Attention (MHSA) for enhanced sequential and contextual
feature modeling. Mel-frequency cepstral coefficients (MFCCs) are extracted from a curated subset of
the UrbanSound8K dataset, comprising five suspicious sound classes, and used as input to the pro-
posed architecture. The multi-branch design enables complementary temporal representations, while
the self-attention mechanism provides lightweight contextual weighting of BiLSTM outputs. Experi-
mental results demonstrate that the proposed model achieves a test accuracy of 95.59%, outperforming
conventional Dense and LSTM-based baseline models under identical experimental settings. An abla-
tion study further confirms the contribution of multi-branch integration and attention-based enhance-
ment to overall performance. Class-wise evaluation reveals consistently high recall across all sound
categories, particularly for safety-critical classes such as gunshots and sirens. These findings indicate
that the proposed framework provides robust and reliable performance, making it suitable for real-
time smart city surveillance and public safety applications.

Keywords: Acoustic event detection; BiILSTM; Deep learning; Mel-frequency cepstral coefficients;
Multi-head self-attention; Smart city sutveillance; Sustainable urban monitoring; Urban sound

classification.

1. Introduction

The rapid advancement of artificial intelligence (Al) and deep learning has significantly
transformed intelligent surveillance systems by enabling automated interpretation of complex
sensory data for public safety and urban secutity applications [1], [2]. In modern smatt cities,
the early detection of hazardous and suspicious activities plays a crucial role in crime preven-
tion, emergency response, and infrastructure protection. Although video-based surveillance
systems remain the dominant modality, they are often constrained by occlusion, poor illumi-
nation, adverse weather conditions, and increasing privacy concerns [3], [4]. These limitations
have motivated growing interest in audio-based surveillance as a complementary sensing mo-
dality capable of detecting safety-critical events even when visual information is unreliable or
unavailable [5], [6].

Urban sound events such as gunshots, emergency sirens, drilling, jackhammers, and ag-
gressive animal sounds often serve as eatly acoustic indicators of potentially dangerous situ-
ations. Consequently, automatic urban sound classification and suspicious sound recognition
have attracted substantial research attention in recent years [7], [8]. Prior studies indicate that
sound-based approaches can provide robust situational awareness in noisy and visually
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cluttered environments, particularly for public safety monitoring and smart city surveillance
[3], [9]. However, real-world urban soundscapes are characterized by high background noise,
overlapping sound sources, acoustic reverberation, and significant temporal variability, which
pose considerable challenges for reliable and real-time sound event detection [6], [10].

Deep learning techniques have demonstrated strong performance in environmental and
urban sound classification by learning discriminative representations from time—frequency
features such as Mel-Frequency Cepstral Coefficients (MFCCs) and spectrograms [9], [11].
MFCC features are particularly well suited for this task because they compactly encode per-
ceptually relevant spectral information, capturing formant structure and timbral characteris-
tics essential for distinguishing diverse urban sound events [12], [13]. Early approaches com-
monly employed fully connected Dense neural networks due to their architectural simplicity;
however, these models lack explicit temporal modeling and struggle to capture long-range
dependencies inherent in audio signals [4], [14].

To address these limitations, recurrent neural networks (RNNs), particularly Long Short-
Term Memory (LSTM) architectures, have been widely adopted for modeling temporal de-
pendencies in sound sequences [4], [15]. Bidirectional LSTM (BiLSTM) further enhances se-
quential modeling by processing input in both forward and backward directions, providing
richer contextual representations that are especially important for time-dependent audio clas-
sification tasks [12], [13]. While LSTM-based models improve performance by capturing tem-
poral structure, they remain inherently sequential and may face scalability challenges when
handling long audio sequences in noisy environments [9], [14].

In parallel, attention mechanisms have emerged as effective tools for modeling global
contextual relationships through self-attention [6], [8]. Multi-head self-attention (MHSA) en-
ables direct modeling of long-range dependencies and supports parallel computation, leading
to strong performance across multiple domains [6], [15]. However, when applied inde-
pendently, attention-based approaches may ovetlook fine-grained local temporal patterns that
are critical for distinguishing acoustically similar or transient urban sound events [16], [17].

Beyond architectural considerations, urban sound datasets introduce additional chal-
lenges such as class imbalance, acoustic overlap, and background interference. Many studies
emphasize overall classification accuracy while providing limited analysis of class-wise recall,
despite the fact that false negatives—such as missed gunshot or siren detections—are partic-
ularly critical in public safety applications [18], [19]. Furthermore, high-performing deep learn-
ing models often rely on large parameter counts and significant computational resources,
which can limit their applicability in real-time and resource-constrained deployment scenarios
typical of smart city infrastructures [5], [20].

Recent research trends suggest that hybrid architectures combining recurrent modeling
with attention-based mechanisms offer a promising direction for addressing these challenges
[16], [17], [21]. By integrating temporal modeling via BiLSTM with contextual weighting
through self-attention, such approaches can capture both short-duration impulsive sounds
(e.g., gunshots) and long-duration sustained events (e.g., sirens and drilling). However, sys-
tematic investigations of multi-branch recurrent—attention architectures for suspicious urban
sound recognition, particularly with comprehensive ablation analysis, remain limited [8], [22],
[23].

A related recent study, MSA-TCN [24], introduces a multi-scale temporal convolutional
network with dual attention mechanisms for robust suspicious sound detection. While MSA-
TCN effectively leverages dilated convolutions and attention mechanisms, it relies on convo-
lutional temporal modeling rather than bidirectional recurrent processing, which may limit its
ability to capture asymmetric temporal context. In addition, it does not employ a parallel
multi-branch architecture with differentiated representational capacities. The present work
addresses these limitations by combining bidirectional temporal modeling with multi-branch
encoding and lightweight self-attention enhancement.

Despite recent progress, several research gaps remain. First, few frameworks jointly in-
tegrate bidirectional temporal modeling and self-attention within a unified architecture tai-
lored for noisy urban environments [17], [21]. Second, comparative evaluations against stand-
ard Dense and LSTM baselines under consistent experimental settings are still limited [4], [0].
Third, ablation studies that quantify the individual contributions of architectural components,
particularly multi-branch design and attention mechanisms, are often insufficiently explored
[7], [9]- Finally, claims of robustness ate frequently not supported by detailed analysis of gen-
eralization performance [20], [25].
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To address these gaps, this study investigates the following research questions. It exam-
ines whether a multi-branch BiLSTM architecture augmented with self-attention can outpet-
form conventional Dense and LSTM-based models, how bidirectional temporal modeling
contributes to detecting both impulsive and sustained sound events, and how self-attention
enhances contextual discrimination under noisy conditions. In addition, the study evaluates
the extent to which multi-branch integration improves performance compared to single-
branch configurations.

To this end, this paper proposes a Multi-Branch BiLSTM with MHSA for suspicious
sound recognition. The framework integrates parallel BILSTM branches with different repre-
sentational capacities, followed by self-attention blocks that enhance contextual weighting of
temporal features. MFCC features extracted from the UrbanSound8K dataset are used as
input, focusing on five security-relevant sound classes: dog barking, drilling, gunshot, jack-
hammer, and siren. The main contributions of this work are summarized as follows:

e A multi-branch BiLSTM architecture augmented with MHSA for improved contextual
weighting of temporal representations.

e  Parallel feature learning through capacity-differentiated BiLSTM branches to enhance
robustness across diverse urban sound events.

e Improved class-wise discrimination under noisy and overlapping acoustic conditions,
particularly for safety-critical sound events.

e A comprehensive experimental evaluation, including baseline comparisons and ablation
analysis, demonstrating the effectiveness and generalization capability of the proposed
framework.

The remainder of this paper is organized as follows. Section 2 reviews related work on
urban sound classification and suspicious audio detection. Section 3 describes the proposed
architecture and training methodology. Section 4 presents experimental results and ablation
analysis. Finally, Section 5 concludes the paper and outlines directions for future research..

2. Literature Review

2.1. Theoretical Background and Foundational Methods

Early approaches to urban sound analysis predominantly relied on traditional machine
learning techniques using handcrafted acoustic features, such as MFCCs, spectral contrast,
and chroma features, coupled with classifiers including support vector machines and random
forests [9]. While computationally efficient, these methods generally exhibited limited robust-
ness in real-wotld urban environments due to their inability to effectively model complex
temporal dynamics and overlapping sound sources under noisy conditions.

The transition to deep learning-based models marked a significant improvement in en-
vironmental sound classification performance. Convolutional neural networks (CNNs)
emerged as a foundational architecture for processing time—frequency tepresentations of au-
dio signals, achieving classification accuracies in the range of 80—90% on benchmark datasets
such as UrbanSound8K [13], [26]. Despite these advances, CNNs primarily capture local spa-
tial correlations and often fail to model long-range temporal dependencies that are critical for
distinguishing acoustically similar or temporally evolving sound events.

To address these limitations, RNNS, particularly LSTM architectures, have been widely
adopted for audio sequence modeling [4], [15]. Bidirectional LSTM (BiLSTM) further en-
hances temporal modeling by processing sequences in both forward and backward directions,
enabling richer contextual representations that are especially important for time-dependent
audio signals [12]. Prior studies support this design choice: Munirathinam and Vitek [27]
demonstrated that bidirectional processing improves detection of time-asymmetric acoustic
events such as sirens and emergency sounds, while Bansal and Garg [12] showed that convo-
lutional—recurrent architectures combining spectral feature extraction with bidirectional tem-
poral modeling achieve robust performance across diverse urban noise conditions. These
findings provide a strong theoretical and empirical basis for adopting BILSTM as the primary
temporal modeling component in this work.

MFCCs are employed as the feature representation due to their compact and perceptu-
ally motivated encoding of the acoustic spectral envelope [12], [13]. Studies by Mukhamadiyev
et al. [11] and Padmaja and Banu [9] demonstrate that MFCC-based representations
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consistently outperform raw waveform inputs in urban sound classification, owing to their
robustness to environmental variability and alignment with human auditory perception. The
combination of MFCC features with BILSTM-based temporal modeling thus forms a well-
established and effective foundation for the proposed approach.

2.2. Recent State-of-the-Art in Urban Sound Recognition

Recent studies have explored various deep learning architectures for suspicious and ur-
ban sound recognition, focusing on improving classification accuracy, robustness, and de-
ployment efficiency. Shailendra et al. [28] proposed an audio-based suspicious activity detec-
tion framework using MFCC features extracted from a subset of the UrbanSound8K dataset,
achieving a test accuracy of 90.25% with an LSTM model. Their work demonstrated the ef-
fectiveness of temporal modeling for surveillance applications, although generalization per-
formance under diverse urban noise conditions remained a challenge.

In a related domain, study [17] introduced a hybrid architecture combining CNN,
BiLSTM, and MHSA for speech emotion recognition. The attention mechanism is formu-
lated as:.

: QKT
Attention(Q, K, V) = softmax (\/d_> 174 )
k

where @, K, and V denote the quety, key, and value matrices, respectively, and dj, tepre-
sents the key dimensionality. This formulation enables effective modeling of long-range de-
pendencies and improves contextual representation. The proposed model achieved un-
weighted accuracies of 95.65% on Emo-DB and 80.19% on RAVDESS, outperforming
standalone CNN and LSTM models. Although applied to emotion recognition, this hybrid
design provides transferable insights for urban sound classification tasks characterized by
temporal and spectral variability.

Recent research has also emphasized computational efficiency and deployability in smart
city environments. Research [19] developed a CNN-based framework optimized for IoT de-
ployment, achieving a test accuracy of 92.68% on UrbanSound8K while maintaining low in-
ference latency. The training objective is defined using categorical cross-entropy loss:

Cc
L= —Z}’i log(¥:) 2

where C denotes the number of classes, y; the ground-truth label, and J; the predicted
probability. Their results highlight the increasing importance of lightweight architectures for
real-time urban monitoring.

Similarly, study [21] proposed a TinyML-based framework for on-device urban noise
classification using Raspberry Pi platforms. Their system achieved precision and recall values
between 0.92 and 1.00 across multiple classes, demonstrating effective deployment in re-
source-constrained environments while reducing latency and communication overhead. Re-
search [29] explored transfer learning using a CNN integrated with the pre-trained YAMNet
model. By leveraging embeddings derived from depth-wise separable convolutions, the ap-
proach achieved a test accuracy of 98% on UrbanSound8K, significantly outperforming CNN
and CNN-LSTM baselines. However, the study reported persistent confusion between
acoustically similar stationary sounds, indicating limitations in capturing fine-grained temporal
context.

2.3. Research Gaps and Motivation

Collectively, existing studies demonstrate substantial progress in urban sound classifica-
tion, particularly in improving accuracy and computational efficiency [22]. However, several
critical limitations remain that directly motivate this work. First, many approaches treat tem-
poral modeling and contextual attention as separate design components, rather than integrat-
ing them within a unified architecture specifically tailored for suspicious sound recognition.
While recurrent models capture sequential dependencies and attention mechanisms model
global context, their combined effect is often underexplored or loosely integrated [17], [21].

Second, there is a lack of systematic evaluation under consistent experimental settings.
Many studies report performance improvements without direct comparison to standard
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Dense and LSTM baselines using identical data splits and preprocessing pipelines, making it
difficult to isolate the true contribution of architectural design choices [4], [6]. Third, ablation
studies are frequently limited or incomplete. In particular, the individual contributions of ar-
chitectural components—such as multi-branch temporal modeling and attention-based con-
textual weighting—are rarely analyzed in a structured and reproducible manner [7], [9]. This
limits the interpretability and reproducibility of reported improvements.

Fourth, evaluation metrics are often dominated by overall accuracy, with insufficient
emphasis on class-wise recall. For safety-critical applications, this is a significant limitation, as
false negatives—such as missed gunshot or siren detections—have substantially higher oper-
ational risk than false positives [18], [19]. Finally, while recent models achieve high accuracy,
many rely on large parameter counts or complex architectures that may limit scalability and
real-time deployment in practical smatt city environments. There remains a need for archi-
tectures that balance performance, interpretability, and computational efficiency.

Motivated by these gaps, this work proposes a Multi-Branch BiLSTM with MHSA
framework that integrates parallel bidirectional temporal modeling with lightweight contex-
tual weighting. By combining capacity-differentiated BILSTM branches with self-attention
enhancement, the proposed approach aims to improve both temporal representation and
contextual discrimination under noisy urban conditions. In addition, the study emphasizes
consistent baseline comparison, comprehensive ablation analysis, and class-wise evaluation to
provide a more complete and interpretable assessment of model performance.

3. Proposed Method

This section presents the dataset, preprocessing pipeline, network architecture, and ex-
perimental configuration adopted for the proposed Multi-Branch BiLLSTM with MHSA for
suspicious urban sound recognition. The complete workflow is illustrated in Figure 1, which
summarizes the end-to-end process from raw audio input to final classification.

3.1. Overview of the Framework

The proposed methodology begins with preprocessing raw urban audio recordings and
transforming them into MFCC representations that capture essential time—frequency charac-
teristics of suspicious sound events. These features are then passed through the proposed
architecture, which consists of parallel multi-branch BiLSTM networks designed to extract
bidirectional temporal dependencies with different representational capacities. Within each
branch, MHSA is applied to enhance contextual weighting of the BiLSTM output represen-
tations. In this framework, the self-attention module functions as a lightweight enhancement
mechanism rather than a full Transformer sequence backbone. Its role is to selectively em-
phasize informative temporal regions in the learned sequence representations while preserv-
ing the temporal modeling capability of BILSTM.

The outputs from all branches are subsequently fused through concatenation, followed
by global pooling operations to aggregate feature representations. The resulting features are
then passed through a dense layer and a softmax classifier to produce the final prediction.
Figure 1 illustrates the complete pipeline, including audio preprocessing, MECC feature ex-
traction, multi-branch BiLSTM-based temporal modeling, self-attention—based contextual
enhancement, feature fusion, and supervised classification.

3.2. Experimental Environment

All experiments were conducted using Python-based deep learning frameworks. Audio
preprocessing and feature extraction were implemented using Librosa, while model develop-
ment and training were carried out using TensotFlow/Keras. The proposed Multi-Branch
BiLSTM with MHSA model was trained using the Adam optimizer with an initial learning
rate of 1X1073, chosen for its adaptive learning capability and stability in training deep se-
quence models. Supervised learning employed categorical cross-entropy loss for multi-class
classification.

To improve generalization and reduce overfitting, dropout regularization was applied
within the attention-enhanced branches and in the final classification layers. A Reducel-
ROnPlateau scheduler was used to decrease the learning rate by a factor of 0.25 when valida-
tion loss did not improve for five consecutive epochs, with a minimum learning rate of
1x107¢. Training was conducted for up to 100 epochs with a batch size of 32, and eatly
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stopping with a patience of 10 epochs was applied based on validation loss. The hyperparam-
eter configuration is summarized in Table 1, while branch-specific architectural parameters
and fusion settings are presented in Table 2 and Table 3, respectively.

Extracted Audio

MFCC
Feature Set
BILSTM BILSTM BILSTM

Add & Morm

< ¥

[Glnhal Average Pooling 1D J Global Max Pooling 10 J

_ ]
L S

Qutput Prediction

Figure 1. Overall workflow of the proposed Multi-Branch BiLSTM with MHSA framework for sus-
picious urban sound recognition.

Table 1. Global training configuration.

Hyperparameter Value
MFCC Coefficients (N_MFCC) 64
Maximum Sequence Length 50
Optimizer Adam
Initial Learning Rate le-3
Loss Function Categorical Cross-Entropy
Early Stopping Patience 10
LR Reduction Patience 5
LR Reduction Factor 0.25
Minimum Learning Rate le-6

Batch Size 32
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Table 2. Branch-specific parameters (each branch is parameterized independently).

Parameter Branch 1 Branch 2 Branch 3
BilLSTM Units 32 64 128
Key Dimension (MHSA) 32 64 128
Feed-Forward Size 64 — 32 128 — 64 256 — 128
Number of Attention Heads 3 3 3
Dropout Rate 0.3 0.3 0.3

Table 3. Fusion and classification settings

Parameter Value
Fusion Method Concatenation of branch outputs
Pooling Strategy Global Average Pooling + Global Max Pooling (concatenated)
Dense Layer Units 64 (ReLLU)
Dropout Rate (Classifier) 0.2
Output Layer 5-class Softmax

3.3. Dataset Description and Feature Extraction

The experiments in this study are conducted using the UrbanSound8K dataset, a widely
used benchmark for environmental and urban sound classification [3]. The dataset consists
of 8,732 labeled audio clips, each with a maximum duration of 4 seconds, organized into 10
predefined folds to support cross-validation. For suspicious sound recognition, a curated sub-
set is constructed by selecting five security-relevant classes from the original ten-class Ut-
banSound8K dataset: dog bark (class 0), drilling (class 1), gunshot (class 2), jackhammer (class
3), and siren (class 4). The resulting subset contains 4,303 audio samples.

drilling
dog_bark

gun_shot

jackhammer

siren

Figure 2. Class distribution of the selected subset (five security-relevant classes) from the Ur-
banSound8K dataset.

The selection of these classes is motivated by their direct relevance to urban surveillance
applications, where eatly detection of anomalous acoustic events supports incident preven-
tion and emergency response. The diversity of recording environments in UrbanSound8K
ensures that the curated subset reflects realistic urban acoustic variability. The class distribu-
tion is approximately balanced, as shown in Figure 2, which supports unbiased model training.
All audio files are loaded using the Librosa library while preserving their native sampling rates.
Feature extraction is performed using MFCCs, with 64 coefficients computed per frame, re-
sulting in two-dimensional feature matrices of size (time steps X 64). MFCC features are
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selected due to their compact and perceptually motivated representation of the spectral enve-
lope, which is effective for modeling diverse urban sound characteristics.

The MFCC extraction process includes pre-emphasis, framing, windowing, Fast Fourier
Transform (FFT), Mel filter bank processing, and Discrete Cosine Transform (DCT), ex-
pressed as:

Cp = i log(E,,) cos [ﬂﬁk (m— 0.5)] (3)
m=1

where Ej, denotes the Mel filter bank energy, M is the number of filters, and k is the
cepstral coefficient index.

To ensure consistent input dimensions for batch processing, MFCC sequences are pad-
ded or truncated to a fixed length of 50 frames, resulting in input tensors of size (50 X 64).
Feature standardization is applied using zero-mean and unit-variance normalization (with
€ =1 % 107°) to improve numerical stability and convergence. The dataset is partitioned
using stratified sampling into 80% training, 10% validation, and 10% testing subsets to pre-
serve class distribution across all splits.

3.4. Architectural Design

The architectural design of the proposed model builds upon the framework overview in
Section 3.1 by providing a more detailed description of the multi-branch BiLSTM and self-
attention components. The network processes MEFCC inputs of size (50 X 64) through three
parallel branches, each consisting of a Bidirectional LSTM layer followed by a MHSA block.
The branches differ in representational capacity, allowing the model to capture complemen-
tary temporal features across varying levels of complexity. Detailed hyperparameter settings
for each branch are provided in Table 2.

The term multi-branch refers to parallel branches with different representational capac-
ities rather than different temporal resolutions. Each branch is parameterized independently,
enabling the model to jointly learn diverse temporal representations from the same input
feature sequence. Within each branch, the self-attention mechanism refines the contextual
weighting of BiLSTM outputs by allowing each temporal position to attend to all others in
the sequence. The formulation follows the standard MHSA mechanism described in Section
2.2. In this architecture, it functions as a lightweight enhancement layer rather than a
standalone sequence modeling backbone.

The outputs from all branches are concatenated and passed through global average pool-
ing and global max pooling to capture both dominant and extreme temporal responses. The
pooled features are then concatenated and fed into a dense classifier consisting of a Dense
layer with 64 units (ReLU activation), followed by dropout (0.2) and a softmax output layer
with five neurons corresponding to the target classes.

3.5. Baseline Models for Performance Comparison

To evaluate the effectiveness of the proposed architecture, two baseline models are im-

plemented:
e Dense Neural Network: Multiple fully connected layers with ReLLU activations and drop-
out

e  Bidirectional LSTM Model: A single BiLLSTM layer followed by a dense classifier

All baseline models are trained using identical dataset splits, optimization settings, and
evaluation protocols to ensure fair and unbiased compatison.

3.6. Evaluation Metrics and Visualization

Model performance is evaluated using four standard classification metrics: accuracy, pre-
cision, recall, and F1-score, as described in [30]—[32]. These metrics provide a comprehensive
assessment of classification performance across suspicious sound categories.

TP + TN

- 4
ACCWAY =Tp ¥ TN + FP + FN ®




Journal of Computing Theories and Applications 2026 (May), vol. 3, no. 4 Yusuf, et al. 590

... TP )
precision = ;o——-
TP
- - 6
recall TP T FN (6)

(precision X recall)
fl —score =2 x — %
(precision + recall)

where TP, FP, TN, and FN denote true positives, false positives, true negatives, and false
negatives, respectively.

Class-wise precision, recall, and F1-scores are computed to evaluate performance across
individual sound categories, with particular attention to safety-critical classes such as gunshot
and siren. Macro-averaged and weighted F1-scores are also reported to account for class dis-
tribution. Performance visualization includes confusion matrices and training curves, which
are used to analyze classification behavior, convergence, and generalization. Detailed inter-
pretation of these results is provided in Section 4.

4. Results and Discussion

This section presents a comprehensive evaluation of the proposed Multi-Branch
BiLSTM with MHSA for suspicious urban sound recognition. All experiments follow the
methodology described in Section 3, using identical data splits, feature representations, and
evaluation metrics to ensure fair comparison and reproducibility. The primary emphasis is
placed on test-set performance as the main indicator of model generalization. The results are
organized as follows: (i) baseline model comparison; (ii) per-class performance evaluation on
the test set; (iii) ablation study and architectural contribution analysis; (iv) confusion matrix
analysis; and (v) training dynamics as supporting evidence.

4.1. Feature Visualization: Waveform, Spectrogram, and MFCC Analysis

Figure 3 shows representative waveform and Mel-spectrogram examples. The waveform
illustrates amplitude variations over time, where impulsive events such as gunshots exhibit
sharp, short-duration spikes, while sustained events such as sirens display more regular oscil-
latory patterns. The Mel-spectrogram further reveals distinct frequency—time energy distribu-
tions: impulsive sounds tend to produce broadband bursts, whereas sustained sounds exhibit
structured and periodic frequency patterns. These temporal and spectral differences support
the use of MFCC features, which provide a compact representation of the spectral envelope.
They also motivate the multi-branch BiLSTM design: lower-capacity branches capture
broader temporal structures, while higher-capacity branches are better suited to modeling
rapid temporal variations.

Figure 4 presents MFCC heatmaps for jackhammer and siren samples. The jackhammer
signal exhibits regular, high-energy cepstral patterns consistent with repetitive mechanical ac-
tivity, while the siren shows smoothly varying cepstral structures corresponding to frequency
modulation. These differences indicate that MECC features capture discriminative temporal—
cepstral patterns across sound classes. The self-attention mechanism further complements
this representation by emphasizing informative temporal regions within the BILSTM outputs,
improving contextual discrimination between acoustically distinct yet temporally varying
events.

4.2. Training Dynamics and Convergence Behavior

To provide context for model learning behavior, the training and validation dynamics of
the proposed Multi-Branch BiLSTM with MHSA model are analyzed. Figure 5 illustrates the
training and validation accuracy and loss curves across epochs. The accuracy curves show
rapid improvement during the initial epochs, followed by gradual stabilization as training pro-
gresses. The validation accuracy closely follows the training accuracy, with only minor fluctu-
ations, indicating stable learning behavior and effective generalization duting training.
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Figure 3. Waveform (top) and Mel-spectrogram (bottom) of representative audio samples from the curated UrbanSound8K subset,
illustrating distinct temporal and spectral patterns across sound types.
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Figure 4. MFCC heatmaps for jackhammer (left) and siren (right) samples, demonstrating distinct

temporal—cepstral patterns captured by the MFCC representation.

Similarly, the loss curves exhibit a consistent downward trend in training loss, while val-
idation loss decreases initially and stabilizes after several epochs. The absence of large diver-
gence between training and validation loss suggests that overfitting is effectively controlled
through dropout regularization and eatly stopping. A summary of training and validation per-
formance is presented in Table 4 for reference.
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Figure 5. (a) Training and validation accuracy curves; (b) training and validation loss curves.

Table 4. Summary of training and validation performance.

Model Train Acc. Val. Acc. Train Loss Val. Loss
Dense [28] 85.96% 88.63% 0.3889 0.3779
LSTM [28§] 96.02% 90.49% 0.1036 0.3184

Proposed Model 99.78% 96.28% 0.0085 0.2325

The proposed model achieves the highest training and validation accuracy among all
compared models. While the training loss is relatively low, its interpretation should be con-
sidered together with validation performance. The consistency between training and valida-
tion metrics indicates that the model learns effectively without exhibiting significant overfit-
ting. These training dynamics are presented as supporting evidence of stable optimization,
while the primary evaluation of model performance is discussed using test-set results in sub-
sequent sections.

4.3. Baseline Models and Overall Test Petrformance

To benchmark the effectiveness of the proposed architecture, two baseline models from
Shailendra et al. [28] were implemented under identical experimental conditions. The first
baseline is a Dense neural network without explicit temporal modeling, while the second is a
standard LSTM-based model that captures sequential dependencies but does not incorporate
attention mechanisms or multi-branch processing. All models were trained, validated, and
tested using identical 80/10/10 stratified splits, MFCC-based feature representations, and
optimization settings. No data augmentation was applied in order to isolate architectural ef-

fects.
Table 4. Test-set performance comparison (primary evaluation)

Model Test Accuracy Test Precision Test Recall Test F1-Score Test Loss
Dense Model [28] 88.86% 88.4%t 88.2%t 88.3%t 0.3488
LSTM Model [28] 90.25% 90.1%t 89.8%7F 89.9%% 0.3471

Proposed Model 95.59% 95.4% 95.3% 95.3% 0.2308

T Precision, recall, and F1-score values for baseline models are approximate macro-averaged estimates
derived from reported results in [28] and are provided for reference only.

The proposed model consistently outperforms both baselines across all metrics. It
achieves improvements of +4.73 percentage points over the Dense model and +5.34 per-
centage points over the LSTM model in test accuracy. Similar gains are observed in precision,
recall, and F1-score, indicating improved classification robustness across sound categories.

4.4. Per-Class Performance on the Test Set

To provide a more detailed evaluation beyond overall metrics, class-wise performance
on the test set is analyzed. This analysis is particularly important in the context of public
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safety, where detection reliability varies across sound categories and certain classes carry
higher operational risk.

Table 5. Per-class test-set performance of the proposed model

Class Precision Recall F1-Score
Dog Bark 0.96 0.95 0.96
Drilling 0.93 0.94 0.93
Gunshot 0.97 0.97 0.97
Jackhammer 0.94 0.94 0.94
Siren 0.97 0.96 0.97
Macro Average 0.95 0.95 0.95

As shown in Table 5, the proposed model achieves consistently high performance across
all classes. In particular, recall is emphasized for safety-critical events such as gunshot and
siren, where false negatives can lead to delayed or missed emergency responses. Both classes
achieve high recall values (0.97 and 0.96, respectively), indicating reliable detection capability.

The lowest recall is observed for drilling (0.94), which can be attributed to acoustic sim-
ilarity with jackhammer sounds. Such confusion between mechanically repetitive sound
sources has been widely reported in urban sound classification studies [29], where overtlapping
temporal and spectral patterns make fine-grained discrimination challenging. The implications
of this behavior are further examined in the confusion matrix analysis (Section 4.0).

4.5. Ablation Study and Architectural Contribution Analysis

To further examine the contribution of each architectural component, an ablation study
was conducted using single-branch (B1, B2, B3), dual-branch, and full multi-branch configu-
rations. The evaluation focuses on test-set performance as the primary indicator of generali-

zation.,
Table 6. Ablation study — test-set performance comparison
Model Variant Test Acc.  Test Prec. Test Recall Test F1 Test Loss

B1 only (32 units) 93.74% 93.5% 93.4% 93.4% 0.2661

B2 only (64 units) 93.97% 93.8% 93.6% 93.7% 0.2361

B3 only (128 units) 94.43% 94.2% 94.1% 94.2% 0.2192

B1 + B2 93.97% 93.7% 93.5% 93.6% 0.2390

B1 + B3 93.97% 93.8% 93.7% 93.7% 0.2128

B2 + B3 94.43% 94.2% 94.0% 94.1% 0.2752

B1 + B2 + B3 (Proposed) 95.59% 95.4% 95.3% 95.3% 0.2308

As summarized in Table 6, the full multi-branch configuration consistently achieves the
best performance across all evaluation metrics. This indicates that combining branches with
different representational capacities provides complementary information that improves
overall model robustness. Among single-branch variants, B3 (128 units) achieves the highest
performance, suggesting that higher-capacity representations contribute significantly to cap-
turing complex temporal patterns. However, the integration of lower-capacity branches (B1
and B2) further improves performance, highlighting the importance of multi-scale represen-
tational diversity.

The contribution of the self-attention component is observed indirectly through the
overall performance improvements. While an explicit comparison between BiLSTM-only and
BiLSTM with attention is not included, the results align with prior findings that attention
mechanisms improve contextual weighting in sequence modeling tasks [17].

4.6. Confusion Matrix Analysis

To further analyze class-wise prediction behavior, a normalized confusion matrix is pre-
sented in Figure 5.
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Figure 5. Confusion matrix of the proposed Multi-Branch BiLLSTM with MHSA model on the test
set.

The diagonal elements in Figure 5 indicate high recall across all classes, consistent with
the results reported in Table 5. Misclassifications are limited and primarily occur between
drilling and jackhammer, reflecting their similar repetitive mechanical characteristics. This ob-
servation is consistent with prior studies on urban sound datasets, where such classes exhibit
overlapping temporal-spectral signatures [29]. Importantly, gunshot detection shows minimal
confusion with other classes, and siren detection also maintains high class separability. The
high recall values for these safety-critical classes indicate low false negative rates, which is
essential for surveillance applications where missed detections may lead to delayed response.
These findings suggest that the proposed architecture effectively balances class discrimination
and robustness, particularly for events with distinct acoustic signatures, while remaining com-
petitive for acoustically similar classes.

4.7. Discussion of Robustness and Limitations

The experimental results demonstrate that the proposed Multi-Branch BiLSTM with
MHSA provides a robust framework for suspicious urban sound recognition. The integration
of bidirectional temporal modeling and attention-based contextual weighting enables the
model to capture both short-duration acoustic transients (e.g., gunshots) and longer, struc-
tured temporal patterns (e.g., sirens and drilling). Compared to MSA-TCN [24], the proposed
approach introduces bidirectional recurrent modeling and capacity-differentiated mult-
branch encoding. These design choices offer a complementary perspective to convolution-
based temporal modeling, particularly for time-asymmetric acoustic events where forward
and backward temporal context can be informative.

Despite the strong performance, some limitations remain. Misclassification is primarily
observed between acoustically similar classes, especially drilling and jackhammer, which share
repetitive mechanical patterns. This limitation is consistent with observations reported in
prior studies on urban sound classification [29], suggesting that it is partly attributable to da-
taset characteristics rather than model design alone. In addition, the evaluation is conducted
on a curated five-class subset of UrbanSound8K, which, while relevant for surveillance sce-
narios, does not fully reflect the complexity of broader environmental sound classification
tasks. Furthermore, the specific contribution of the MHSA component has not been explicitly
isolated through a dedicated ablation study. Future work may address these limitations by
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incorporating data augmentation strategies, exploring complementary spectral representa-
tions, and extending the framework to multi-modal or larger-scale datasets. Investigating
lightweight deployment strategies for edge and IoT environments also remains an important
direction for practical adoption.

5. Conclusion

This study presents a Multi-Branch BiILSTM with MHSA framework for suspicious ur-
ban sound recognition. The proposed approach combines parallel BILSTM branches with
different representational capacities and applies attention-based contextual weighting to en-
hance temporal feature representations. The results indicate that the model achieves strong
generalization performance on the test set, outperforming conventional Dense and LSTM
baselines. In particular, high recall values for safety-critical classes such as gunshot and siren
demonstrate the model’s effectiveness in minimizing false negatives, which is essential for
surveillance applications.

The ablation analysis highlights the importance of multi-branch integration, showing
that combining branches of different capacities provides complementary information that
improves overall performance. The MHSA component functions as a lightweight enhance-
ment to refine BILSTM outputs, contributing to improved contextual discrimination without
acting as a standalone sequence modeling backbone. Several limitations remain, including the
use of a five-class subset, the absence of an isolated attention ablation, and the lack of de-
ployment-oriented evaluation. Future work will focus on expanding the evaluation to larger
and more diverse datasets, further analyzing the contribution of attention mechanisms, and
optimizing the model for real-time deployment in resource-constrained environments.
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