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Urban vehicle accidents highlight the need for intelligent systems that can process environmental acoustic signals
and improve driver awareness. Traditional acoustic event detection and classification (AEDC) methods often
struggle to perform effectively when multiple acoustic events overlap in frequency. This study presents a two-
stage framework for detecting and classifying horn signals in urban driving scenarios. The first stage separates
horn signals from background noise using Log-Mel spectrogram features and a bagging ensemble classifier. The
second stage classifies detected horns into four categories (boat, car, train, truck) using VGGish features. Feature
dimensionality is reduced by approximately 40% through minimum Redundancy Maximum Relevance (mRMR)
selection without losing accuracy. A post-processing step based on the binomial probability distribution corrects
errors across consecutive frames in both stages. The proposed system achieves a minimum F1 score of 0.82
before post-processing and 0.96 after post-processing across all horn classes. This represents more than a 15%
improvement over recent deep learning approaches, while maintaining low computational demands through
feature selection. The hybrid architecture makes AEDC practical for driver assistance systems in automotive

environments with limited processing resources.

1. Introduction

Traffic accidents, particularly vehicle collisions, and their associated
economic and human costs (Alemany et al., 2013; Gharahbagh et al.,
2021; Moradi, 2025), currently represent one of the most significant
challenges in the global transportation industry. The accident rate is
particularly significant in developing countries due to inadequate in-
frastructure and substandard vehicle quality. Despite owning only about
60% of the world’s vehicles, these countries account for more than 92%
of all road traffic accidents (Organization, 2023). Car accidents occur
due to three primary factors: environmental, vehicle-related, and hu-
man error. Research across different countries shows that human errors
contribute the largest share (Bucsuhézy et al., 2020). Hazard detection,
the ability to identify hazardous traffic situations, represents a critical
driving skill (Crundall et al., 2021; Habibzadeh et al., 2023). Despite
advances in related industries, such as Advanced Driver Assistance Sys-
tems (ADAS), the percentage of road accidents worldwide remains high.
One solution is to enhance artificial intelligence (Al in existing vehicles
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to more effectively alert drivers to environmental hazards. The most
readily available signals for driver hazard detection are visual and audi-
tory, which Al-based systems can utilise to monitor hazardous situations
and provide early warnings to drivers. Current ADAS architectures pre-
dominantly employ radar and camera sensor fusion with deep neural
network (DNN) processing for lane departure warnings (Mandal et al.,
2021; Wang & Lu, 2024), drowsiness monitoring (Albadawi et al., 2022),
and driver stress assessment (Wan et al., 2025; Zhao et al., 2024). How-
ever, these vision-based systems are unreliable in adverse conditions,
such as fog, nighttime operation, and occlusions in the field of view.

Traditional AEDC, which aims to identify and recognise various acous-
tic events, offers an additional modality to existing ADAS by exploiting
acoustic signals for environmental monitoring. For instance, Horn sig-
nals are a type of acoustic warning for approaching vehicles, emergency
services, railway crossings, and other hazards in urban areas. Integra-
tion of AEDC with vision-based ADASs addresses several complementary
aspects: (1) auditory signals provide omnidirectional coverage; (2) horn
signals encode semantic information about threat urgency and source
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\begin {equation}\label {Eq1} f_{\text {Mel}} = 2595 \cdot \log _{10}\left (1 + \frac {f_{\text {Hz}}}{700}\right ),\end {equation}
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\begin {equation}\label {Eq2} X_{\text {Mel}}(k) = \sum _{m=0}^{N-1} \left [ |X(m)|^2 \, H_k(m) \right ],\end {equation}
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\begin {equation}\label {Eq3} I({X_i};Y) = \sum \nolimits _{x \in {X_i}} {\sum \nolimits _{y \in Y} {p(x,y)\log \left ( {\frac {{p(x,y)}}{{p(x)p(y)}}} \right )} },\end {equation}
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\begin {equation}\label {Eq4} I_{x_{i}}=\frac {1}{{\left | {{N_s}} \right |}}\sum \limits _{j = 1, {\kern 1pt} {\kern 1pt} i \ne j}^{{N_s}} {I\left ( {{X_i};{X_j}} \right )},\end {equation}
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\begin {equation}\label {Eq5} \phi ({X_i}) = I({X_i};Y) - I_{x_{i}},\end {equation}
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\begin {equation}\label {Eq6} \Pr = \frac {{TP}}{{TP + FP}}.\end {equation}


\begin {equation}\label {Eq7} {\mathop {\rm Re}\nolimits } = \frac {{TP}}{{TP + FN}}.\end {equation}


\begin {equation}\label {Eq8} F1 = 2\frac {{{\mathop {\rm Re}\nolimits } call \times Precision}}{{{\mathop {\rm Re}\nolimits } call + Precision}} = \frac {{TP}}{{TP + \frac {{(FP + FN)}}{2}}}.\end {equation}


\begin {equation}\label {Eq9} ACC = \frac {TP + TN}{TP + TN + FP + FN}.\end {equation}
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\begin {equation}\label {Eq10} \begin {split} &p = .79, \quad q = 0.21, \\ &\binom {10}{k} = \frac {10!}{k!(10-k)!}, \\ &P(X = k) = \binom {10}{k} q^k p^{10-k}, \\ & P(X > 5) = \sum _{k=6}^{10} P(X = k) \to \sum _{k=6}^{10} \binom {10}{k} (0.21)^k (0.79)^{10-k} \approx 0.0082. \end {split}\end {equation}
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Fig. 1. Example of an urban environment and of sources that cause horn signals.

type unavailable in visual data; (3) acoustic processing has minimal
computational overhead compared to video analysis; (4) sound prop-
agation maintains effectiveness under visual degradation scenarios. An
AEDC system typically comprises three stages: audio signal processing,
feature extraction, and a machine learning classifier to detect the source
of danger and, if necessary, alert the driver. Acoustic warning systems
face unique challenges that distinguish them from existing AEDC sys-
tems. AEDC design must address several challenges: overlapping acous-
tic events in the environment, fast-response requirements, and accurate
alerting for hazardous events. The above challenges and limited studies
on detecting acoustic events in driving scenarios motivate the devel-
opment of a hierarchical AEDC framework to detect horn signals and
identify their type (Fig. 1). The main innovations made in the proposed
AEDC method are:

1. Using shortened features in AEDC to reduce classifier complexity
while maintaining detection accuracy;

2. Using transfer learning to accelerate learning and improve perfor-
mance;

3. Analysing the effect of reducing input dimension on system perfor-
mance;

4. Adding a stochastic-based post-processing step to enhance the AEDC
system efficiency.

The remainder of this article is organised as follows: Section 2 re-
views relevant AEDC literature, Section 3 details the proposed method-
ology, Section 4 presents experimental configuration and evaluation
metrics, Section 5 analyses performance outcomes, and Section 6 pro-
vides concluding remarks with future research directions.

2. Literature review

To date, research on driving safety AEDC systems is limited. Several
studies have employed acoustic signals to enhance driving safety (Chen
& Thomas, 2020; Dewing, 2022; Du & Ding, 2014). An AEDC deep learn-
ing framework for driving safety was developed, focusing on two archi-
tectures: Convolutional Recurrent Neural Network (CRNN) and YOLOv5
(Castorena et al., 2024a; Jocher, 2020). For feature extraction, a Mel
spectrogram was employed, and Mel frequency bands were optimised
by reducing dimensions through pooling layers in a CRNN architecture
(Castorena et al., 2024a). Driver auditory distractions were addressed
using AEDC with Edge computing (Castorena et al., 2025). Because the
primary task of all AEDC systems is to detect the types and timestamps
of acoustic events, such as horn signals, these systems can be used to
determine the types and occurrence times of the Horn in driving scenar-
ios. In the current study, two types of Acoustic Event Detection (AED)
systems were analysed. These include AED systems with and without
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feature selection. The first group provides an overview of feature selec-
tion and optimisation methods in AED systems, while the second group
examines usage patterns and characteristics of Mel features in AEDC
systems.

2.1. AED systems including feature selection

An Audio Event Classification (AEC) system combining a Mel spec-
trogram with a Support Vector Machine (SVM) classifier was presented
in Ludena-Choez and Gallardo-Antolin (2016). To select the optimal
Mel bands, a Mutual Information-based feature selection algorithm was
employed. An AED system for classifying urban sounds was presented
that employed Mel spectrogram features optimised by Class-conditional
Dictionary Learning and a Probabilistic SVM (Ye et al., 2017). A com-
bined framework was presented that includes Gammatone Filter Bank
Energy features, followed by an encoder based on Rectified Linear Unit
(ReLU) layers and frequency band optimisation (Mondal & Barman,
2022). An AED method utilising a feature selection scheme based on
spectrogram features, determined by cross-correlation, was proposed
in Hajihashemi et al. (2023). A framework for sound event detection
based on Empirical Mode Decomposition and Intrinsic Mode Functions
was proposed in Hajihashemi et al. (2025a), reducing input feature di-
mensions by more than 99% compared to state-of-the-art methods while
maintaining detection accuracy. The same authors proposed a Feature-
Reduction Scheme using a Two-Sample t-Test to remove Useless Spec-
trogram Bands in an AED system. A SELD method using a CRNN, which
consists of Attention Feature Enhancement (AFE) and Parallel Multi-
attention layers, was introduced in Chen and Huang (2024) to optimise
feature representation. Multichannel features, adjacent spatial features,
and a Conformer Block were employed to optimise Mel bands in an AED
system (Dao et al., 2024). An AED system using an optimised set of Mel
spectrogram, Mel-Frequency Cepstral Coefficients (MFCC), delta MFCC,
and delta-delta MFCC features was presented in Mnasri et al. (2023).
They employed a Variational Autoencoder (VAE) and Interval Type-2
Fuzzy Sets for classification. On the other hand, some studies employed
simple preprocessing methods, such as cross-correlation and mutual in-
formation (Hajihashemi et al., 2023; Ludena-Choez & Gallardo-Antolin,
2016), for feature selection.

2.2. AED systems without feature selection

An MFCC AEC scheme that includes an SVM classifier was proposed
in Hajihashemi et al. (2021). Statistical features were extracted from
MFCC and applied to an SVM as a classifier (Jayalakshmi et al., 2018).
An AEC method using a Gammatone spectrogram and a Linear SVM clas-
sifier was proposed in Mulimani and Koolagudi (2019). A deep learn-
ing approach based on Cochleogram features, derived from Gammatone
filter banks, was proposed for AEDC in Hajihashemi et al. (2025b). A
convolutional neural network (CNN) architecture with Mel spectrogram
input was proposed in Kim et al. (2021). Adaptive Variational Modal De-
composition and the Pseudo Wigner-Ville Distribution were employed
as feature extraction methods in conjunction with a CNN classifier for
AED (Zhang et al., 2021). An AED that used a Mel spectrum as a feature
and a CRNN classifier was presented in Zhao et al. (2022). A multitask
learning (MTL) network based on a soft parameter-sharing mechanism
with Log-Mel spectrogram input for AED was designed in Zhang et al.
(2024). Another Acoustic Scene Classification (ASC) method suggested
in Hajihashemi et al. (2022) includes two parallel ensemble classifiers as
the initial step and a nonlinear mathematical fusion. Log-Mel-band en-
ergy was extracted for feature extraction, with CNN-Bidirectional Gated
Recurrent Unit (CNN-BiGRU) and Transformer architectures employed
for classification (Imoto et al., 2022).

An online Sound Event Localisation and Detection (SELD) system using
a Mel spectrogram as the feature and a CRNN with ResNet Blocks as the
classifier was proposed in Nagatomo et al. (2022). A drone sound de-
tection system was developed by combining Log-Mel spectrogram and
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MEFCC features (Sun et al., 2024). A network for SELD that incorpo-
rates multi-head attention and depthwise separable convolution layers,
utilising Log-Mel spectrogram features, was proposed in Zhou and Wan
(2023). A joint framework for Audio Tagging and AED using a dual CNN
was proposed in Liang et al. (2022). They used the Mel spectrogram as
the main feature. The Log-Mel spectrogram was employed as input to
the MSFF-Net architecture for AED (Wang et al., 2022). A hybrid PBA,
Attention Capsule Network (AttCapsNet), and Bidirectional Gated Re-
current Unit (BGRU) for AED was presented in Meng et al. (2022). This
model comprised Mel spectrogram features, an AttCapsNet for separat-
ing overlapping events, and a BGRU module. The HAAC (Hierarchical
Audio Augmentation Chain) method for SELD was presented in Wu et al.
(2023). They employed a Mel spectrogram for feature extraction and a
CRNN and Event-Independent Network with multichannel processing
capability (EINV2) for classification.

A Self-Supervised Learning method for AED was proposed in Wei et al.
(2023). They employed a Mel spectrogram for feature extraction and
Resnetl8, VGG11, and a CRNN for classification. A hybrid Capsule-
Transformer model for AED was introduced in Li et al. (2024). This
model uses the Log-Mel spectrogram for feature extraction. A regression-
based method that employed YOLO’s one-dimensional bounding boxes
and the Log-Mel spectrogram feature was presented in Liu et al. (2023).
A method for AED combining a multiscale Dense CNN with Attention
and RNN components was introduced in Yang et al. (2023). The method
uses the Log-Mel spectrogram as the feature. An AED method using Log-
Mel spectrogram and ResNet-18 was proposed in Hebbar et al. (2023).
An AED method based on a Frequency-wise Transformer Encoder and a
Local GRU decoder, incorporating nearest-neighbour interpolation and
a BGRU, was proposed in Li et al. (2023). This study uses the Log-Mel
spectrogram as the feature.

A Mel spectrogram, a pre-trained PaSST, a Vision Transformer trained
on AudioSet, and openL3 embeddings, as well as a CNN trained with
the audio-visual correspondence task, were used for AED (Angulo et al.,
2023). An AED system using the Structural Causal Model and the back-
door adjustment technique was proposed in Xin et al. (2023). The fea-
ture of this study was the Mel spectrogram. Log-Mel spectrogram fea-
tures, Multi-dimensional Frequency Dynamic Convolution (MFDConv),
and Confident Mean Teacher (CMT) networks were employed for AED
(Xiao et al., 2023). An AED method employing Log-Mel spectrograms
feature and a CRNN, where CNN blocks are replaced with dynamic
multi-scale convolutional (DYMC) layers, was proposed in Wang et al.
(2023a). The DCASE CRNN baseline system within a mean-teacher
framework was used for AED (Serizel et al., 2023).

Their method employed Log-Mel Filterbank Energies as input. A semi-
supervised AED model based on the pretrained audio neural network
(PANN) was presented in Xu et al. (2023). PANNs performs feature ex-
traction by combining the Wavegram and Log-Mel spectrogram. An AED
system that consists of Log-Mel Energies as input and a CRNN classi-
fier was introduced in Martin-Moraté et al. (2023). Transfer learning
for AED with Log-Mel spectrogram feature was employed in Luo et al.
(2023). An Improved Self-consistency Training (ISCT) method with Log-
Mel spectrogram input for the AED system was introduced in Wang et al.
(2023b). A SELD method using Log-Mel spectrograms and a CNN with
soft parameter sharing was presented in Yuan et al. (2023). The Event-
Relation-Enhanced Regression (EERD)-SED algorithm for AED, utilising
MEFCC features and a Mobile-RegressionNet architecture for classifica-
tion, was proposed in Tian et al. (2023). A real-time CNN system for
AED, utilising Log-Mel spectrograms and MFCCs as input features, was
developed in Chavdar et al. (2023).

A hybrid ResNet, Multi-Scale Channel Attention (MSCA) AED system
with Log-Mel spectrogram features was introduced in Xue et al. (2023).
A Unet was employed as an SELD system with Mel spectrogram features
(Shin et al., 2023). An AED system using Log-Mel spectrograms with a
CNN classifier was proposed in Cai et al. (2023). An AED system consist-
ing of an optimised version of the Conformer network with a Log-Mel
spectrogram feature was developed in Chan and Chin (2022). An AED
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system that uses MFCC features with a linear SVM was presented in
Svatos and Holub (2023). A four-stage data augmentation framework
was introduced to improve the performance of the ResNet Conformer
model in SELD tasks, where Log-Mel spectrogram and Generalised Cross-
Correlation Phase Transform (GCC-PHAT) are employed as main fea-
tures (Wang et al., 2023c).

A hybrid algorithm based on CRNN for SELD in a 3D space was pre-
sented, which extracts input features by combining the Log-Mel spec-
trum and GCC-PHAT (Zhao et al., 2023). A semi-supervised framework
for AED that employed Log-Mel spectrogram features and Frequency Dy-
namic (FDY) convolutions was presented in Khandelwal et al. (2023).
Log-Mel spectrograms were processed by a shared CNN to maintain good
temporal resolution as a feature (Gao et al., 2024). For the main clas-
sifier, they used a CRNN including a Conformer block. Most reviewed
AEDC studies improve the separation of Mel frequency bands within
deep learning layers (Angulo et al., 2023; Chen & Huang, 2024; Yang
et al., 2023; Zhang et al., 2021), with no processing of frequency bands
outside the network. Separating Mel frequency bands during DNN train-
ing is possible; however, increasing input dimensions raises DNN com-
plexity and requires more training samples, thereby increasing compu-
tational complexity.

Despite the emergence of deep embeddings and end-to-end architec-
tures, Mel and Log-Mel features remain dominant across AED and SELD
systems (Hajihashemi et al., 2026). Several factors explain this persis-
tence. First, these features are easy to interpret, allowing researchers
to analyse frequency patterns directly and understand model decisions
through clear time-frequency representations. Second, Mel-based fea-
tures demonstrate robust performance across diverse acoustic environ-
ments, maintaining reliability even with limited training data and dif-
ferent environments. Third, computational efficiency remains a practi-
cal advantage, as Mel-spectrogram extraction requires significantly less
processing power than deep embedding models, making real-time ap-
plications feasible on resource-constrained devices. However, a notable
gap exists in the AEDC literature regarding horn detection and classi-
fication within road environments. While researchers have extensively
studied general AED systems, few studies have addressed the challenges
of separating and classifying horn signals under varying traffic condi-
tions, engine noise, and environmental interference. Horn signals ex-
hibit distinct temporal and spectral characteristics that differ from those
of typical acoustic events. However, targeted research addressing these
specific requirements is still limited. This gap highlights the need for
specialised approaches that account for the overlapping nature of road
sounds and the critical timing requirements of driving safety applica-
tions. Using transfer learning and pre-trained networks solves some of
the above challenges, though the features they produce may contain
information that is not relevant to the specific target event.

The proposed method addresses this limitation by applying mRMR
feature selection after VGGish extraction, removing redundant or irrel-
evant features, and retaining only those most useful for separating horn
types. This approach increases AEDC performance by preventing noise
and unnecessary inputs from reaching the classifier. Table 1 shows a
summarised list of state-of-the-art AED systems, including feature ex-
traction method, classifier, and their pros and cons, which shows that
most AEDC, AED, ASC, and SELD studies employ Mel and Log-Mel spec-
trograms as the primary feature. More recently, Transformer models
have also gained attention in acoustic event classification. The Audio
Spectrogram Transformer (AST) is a purely attention-based model built
on the Vision Transformer (ViT) architecture with 87 million parame-
ters and 12 encoder layers (Gong et al., 2021). AST achieved 0.485 mAP
on AudioSet and 95.6% accuracy on ESC-50, and it remains one of the
strongest models for general-purpose acoustic classification.

However, AST and similar Transformer architectures rely on large-scale
pretraining datasets such as ImageNet and AudioSet, and they require
GPU acceleration for both training and inference. These properties make
them less suited to the embedded, real-time processing required by auto-
motive safety applications. The proposed framework in this study takes
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Table 1
Summary of AEDC systems based on features, classifiers, and their pros and cons (Part I).
Reference Feature Feature Reduction Classifier Advantages Disadvantages
Kim et al. (2021) Mel spectrogram No CNN Accuracy Not generalisable
Angulo et al. (2023) Mel spectrogram No OpenL3 embeddings Independent normalisation of  Computational complexity
each Mel band in the feature
extraction step
Cai et al. (2023) Log-Mel spectrogram  No CNN Using Class Activation Map Computational complexity
Castorena et al. Mel spectrogram No CRNN Accuracy Computational complexity
(2024a)
Castorena et al Mel spectrogram No CRNN and YOLOvV5 Accuracy Computational complexity
(2025)
Chavdar et al. (2023) Log-Mel spectro- No CNN Real-time Computational complexity
gram, MFCC
Hajihashemi et al. Mel spectrogram Cross-correlation CNN Using mathematical and statistical =~ Not generalisable
(2023) modules
Chen and Huang Log-Mel spectrogram No CRNN Using parallel multi-attention Computational complexity
(2024) (PMA) modules
Dao et al. (2024) Log-Mel spectrogram  No CRNN + Conformer Multi-channel and adjacent spa-  Computational complexity
tial features
Gao et al. (2024) Log-Mel spectrogram No LTE-Net Optimising local temporal embed- Computational complexity
ding
Hajihashemi et al. MFCC No SVM Simple structure Not generalisable
(2021)
Jayalakshmi et al. MEFCC No SVM Extra statistical features Complexity
(2018)
Khandelwal et al.  Log-Mel spectrogram  No PANN FDY-Conv were used to optimise ~ Not generalisable
(2023) spectral bands
Li et al. (2024) Log-Mel spectrogram  No Capsule Network Dynamic Routing algorithm along ~ Not generalisable
with Temporal Attention
Ludena-Choez and  Mel spectrogram Mutual Information SVM Explains suitable hardware for af- ~ Low accuracy
Gallardo-Antolin fordable Sound Event Detection
(2016) (SED) in vehicles
Mulimani and Gammatone spectro- No SVM Simple structure Not generalisable
Koolagudi (2019) gram
Shin et al. (2023) Mel spectrogram No SELDnet Using U-Net for noise reduction Computational complexity
Sun et al. (2024) Log-Mel spectro-  No CNN Combining beamforming algo-  Computational complexity
gram, MFCC rithms with a CNN
(Svatos & Holub, MFCC No SVM Using the physical propertiesof an ~ Not generalisable
2023) event
Tian et al. (2023) MFCC No Mobile- Transfer learning Not generalisable
RegressionNet
Wang et al. (2023c) Log-Mel spectrogram  No ResNet-Conformer Four-stage data augmentation Computational complexity
Yang et al. (2023) Log-Mel spectrogram No MS-AttDenseNet- Using multiscale dense CRNN  Computational complexity
RNN with lightweight attention
Ye et al. (2017) Mel spectrogram No SVM Processing features using normal-  Not generalisable
isation and whitening
Zhang et al. (2021) Wigner-Ville Distri-  No CNN Mathematical structure Computational complexity
bution
Zhao et al. (2022) Mel spectrogram No CRNN Hierarchical structure Computational complexity
Zhao et al. (2023) Log-Mel spectrogram  No CRNN Channel-attention to enhance use-  Not generalisable

ful features and suppress noise

a different path by combining pretrained feature extractors (VGGish and
YAMNet) with lightweight traditional classifiers (SVMs), keeping com-
putational load low enough for deployment on processors with limited
resources. A detailed computational comparison between the proposed
method and Transformer-based alternatives is presented in Section 5.10.

3. Proposed method

The AEDC method addressed in the current study comprises a two-
step hierarchical scheme. Fig. 2 illustrates the analysed workflows for
the AED step, where three schemes extract features from raw acoustic
signals: Log-Mel spectrogram, VGGish, and YAMNet. Each feature rep-
resentation feeds into two separate binary classifiers that discriminate
the horn signal from background noise. Feature extraction in all three
schemes is based on the Log-Mel spectrogram because the VGGish and
YAMNet also use it in the first stage.

After selecting the best AED workflow, the detected horn segments are
applied to the AEC step. Fig. 3 illustrates the four feature extraction
schemes evaluated for the AEC step. These four schemes are not used
together during operation; instead, they are tested separately to deter-

mine which yields the best classification results.

The four schemes are: (1) Log-Mel spectrogram, where the raw spec-
trogram is flattened into a one-dimensional vector; (2) VGGish, which
uses its 128-dimensional embedding output; (3) YAMNet, which uses its
521-dimensional embedding output; and (4) Combined, which concate-
nates the VGGish, YAMNet, and Log-Mel vectors into a single feature
vector of 6793 dimensions. Although VGGish and YAMNet both com-
pute a Log-Mel spectrogram as their first internal processing stage, the
standalone Log-Mel path differs in that it feeds the raw spectrogram
values directly to the classifier, bypassing a deep network. Within each
scheme, the feature vector first undergoes mRMR feature selection to
reduce the dimensionality, and then passes through four parallel binary
SVM classifiers, one for each horn class: boat, car, train, and truck.
These four classifiers run in parallel so that the system can detect mul-
tiple horn types at the same time from a single input frame. Post-
processing modules based on a Binomial Probability Distribution Func-
tion (BPDF) operate on both AED and AEC outputs to correct errors
across consecutive frames. Because horn signals last longer than a sin-
gle analysis window, the same event is expected to appear in several
consecutive frames. The BPDF block applies a majority voting rule: a
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Fig. 3. The AEC step of the proposed method.

detection is accepted only if it occurs in at least 5 of the 10 consecutive
frames. If fewer than five frames agree, the detection is treated as a false
alarm and removed.

In the AED step, the BPDF block outputs a corrected binary label
(horn or no horn), which is then passed to the AEC step. In the AEC
step, each of the four parallel classifiers has its own BPDF block, and
the corrected output is a binary label for each horn class (boat, car,
train, or truck). The comparison block (Figs. 2 and 3) compares these
corrected labels against the ground truth annotations to compute the
evaluation metrics reported in Section 5. This hierarchical separation

enables the independent optimisation of detection sensitivity and classi-
fication accuracy, while reducing computational complexity compared
to end-to-end deep learning approaches. This Section presents the de-
tails of the Log-Mel spectrogram, VGGish, YAMnet, and mRMR feature
selection approaches.

3.1. Log-Mel spectrogram

The Mel scale maps linear frequencies to a perceptual scale that re-
flects how humans hear sound, placing finer resolution at lower fre-
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quencies and coarser resolution at higher ones (Mesaros et al., 2017).
The conversion from Hz to the Mel scale follows:

Snmel = 2595 - logyg (1 + %) (€]

where fy, is the frequency in Hz and fy, is the corresponding fre-
quency on the Mel scale. To build the Mel spectrogram, the raw audio
is first split into overlapping frames. Each frame is then transformed
into the frequency domain through the Short-Time Fourier Transform
(STFT) (Mesaros et al., 2017). The resulting spectrum is passed through
a bank of k triangular filters equally spaced on the Mel scale. Each filter
H, weights the squared STFT magnitudes, and the summed energy per
band gives the Mel spectrogram:

N-1
Xnat(k) = Y [IX(m)[* Hy(m)], @
m=0

where X (m) is the STFT magnitude spectrum, m is the frequency bin in-
dex, N is the FFT length, k is the filter index, and H, (m) is the kth trian-
gular Mel filter weight. Applying a logarithmic compression to Xy (k)
produces the Log-Mel spectrogram used throughout this study (Diwakar
& Gupta, 2024; El-Latif et al., 2024; Purwins et al., 2019). Fig. 4 shows
the complete workflow. Because VGGish and YAMNet both use the Log-
Mel spectrogram as their first processing stage, this feature serves as a
common foundation across all three extraction paths in the proposed
framework.

3.2. VGGish

VGGish is a deep CNN based on the VGG-E architecture, originally
designed for image classification but widely adopted for acoustic fea-
ture extraction (Diwakar & Gupta, 2024; El-Latif et al., 2024; Hershey
et al., 2017). The model was trained on Google’s YouTube-100M (100
million videos) and AudioSet (over 5.24 million hours of labelled au-
dio) datasets, which gives it strong tolerance to noise and makes it well-
suited for environments like urban roads and highways (El-Latif et al.,
2024; Hershey et al., 2017). Fig. 5 shows the block diagram of VGGish.
The architecture consists of 13 convolutional layers with 3 x 3 filters,
taking a Log-Mel spectrogram as input. The input parameters used in
this study are as follows:

e Time frame length = 25 ms;
e Overlap length = 15 ms;

¢ Total signal length = 0.975 s;
o Number of Mel filters = 64;
e Window function: Hanning;

¢ Frequency range [125 7500] Hz (Mel filter bank coverage);
e Input dimension = 64 x 96;
e Output dimension = 1 x 128.

VGGish produces a 128-dimensional feature vector (embedding) for
each 0.975 s acoustic frame. The current study uses this embedding
as the input feature vector for the AEC step. Because VGGish was pre-
trained on a very large and diverse corpus, the learned representations
capture acoustic patterns that go well beyond what task-specific train-
ing on a smaller dataset could achieve, which is particularly useful for
separating horn types in noisy driving conditions.

3.3. YAMNet network

YAMNet is a CNN built on the MobileNetV1 architecture, developed

by Google for SED (Howard, 2017). It uses depthwise separable con-
volutions to maintain a good balance between accuracy and computa-
tional cost, and it can recognise 521 different acoustic events after train-
ing on the AudioSet dataset (Avila & Pinzén, 2024; Malmberg, 2021).
The YAMNet architecture is depicted in Fig. 6. The network contains 27
convolutional layers followed by global average pooling and a fully con-
nected layer, with only 3.7 million parameters compared to 72.1 million
in VGGish (Avila & Pinzén, 2024; Hershey et al., 2017).
This lighter structure makes it a practical choice for edge devices and
real-time automotive applications. YAMNet takes the same Log-Mel
spectrogram input as VGGish (resampled to 16 kHz mono, with iden-
tical parameters listed in Section 3.2) and produces a 521-dimensional
embedding vector from its final softmax layer. The current study uses
this 1 x 521 vector as the input feature for the AEC step, allowing a di-
rect comparison with the 128-dimensional VGGish embedding under the
same mRMR selection and SVM classification pipeline.

3.4. CNN classifier

In the AED step (Fig. 2), a simple two-dimensional (2D) CNN with
Log-Mel spectrogram input is one of the classifiers employed to detect
horn occurrence. Fig. 7 shows the structure of the employed classifier.
Algorithm 1 describes the operation of the implemented CNN.

3.5. Ensemble classifiers

In the AED step (Fig. 2), seven ensemble learning methods were
evaluated alongside the CNN and SVM classifiers to identify the best
approach for separating horn signals from background noise. Ensem-
ble methods train multiple weak learners and combine their outputs to
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Algorithm 1: CNN architecture for Horn detection using Log-
Mel spectrogram.

Input: Input spectrogram X € R6X64x1
Output: Class probabilities P € R?

X ,orm < ZeroCenter(X) ;
normalisation
F, < Conv2D(X,,,,, filters= 20, kernel size=5 x 5,
stride=[1, 1], padding =[0,0,0,0]) ; // 2D Convolution
F, < BatchNorm(F)) ; // Batch normalisation
F; < ReLU(F,) ; // ReLU activation
F, « Flatten(F;); // Flatten for fully connected layer
Fs5 < FC(Fy, units=2) ; // Fully connected layer
P « Softmax(Fs) ; // Output probabilities

// Image input with zero-center

return P

produce a stronger overall prediction. The seven methods tested in this
study are:

1. Bag (Bootstrap Aggregation): trains each learner on a random
bootstrap sample of the training data and averages their predictions.
This reduces variance and tends to produce stable results across dif-
ferent runs.

2. AdaBoostM1: assigns higher weights to misclassified samples in
each round so that later learners focus on the harder cases.

3. LogitBoost: fits additive logistic regression models in a stage-wise
manner, which makes it less sensitive to noisy samples than Ad-
aBoostM1.

4. GentleBoost: a variant of AdaBoost that uses a gentler weight update
rule and is more resistant to outliers.

5. RobustBoost: designed to maintain accuracy even when the training
data contains label noise or outliers.

6. RUSBoost: combines Random Under Sampling with boosting, which
helps when classes are imbalanced by reducing the majority class
before each boosting round.

7. Subspace: trains each learner on a random subset of features rather
than a random subset of samples, which can help when the feature
space is large.

All seven methods were tested with VGGish, YAMNet, and Log-Mel
spectrogram features. The comparative results in Table 4 show that the
Bag ensemble with Log-Mel spectrogram features produced the best AED
performance (F1 = 0.79 on the test set). Section 5.3 provides the specific
training parameters for each ensemble method.

3.6. mRMR feature selection

Some studies have proposed methods to reduce the dimensionality
of Log-Mel spectrograms, VGGish, and YAMNet features in AED systems
(Avila & Pinzén, 2024; Liu et al., 2025). The VGGish model’s ability
to extract subtle acoustic features was demonstrated in Hershey et al.
(2017). They demonstrated that the Log-Mel spectrogram image dis-
tinctly separates different acoustic events. Based on this finding, select-
ing the right features from the Log-Mel spectrogram, VGGish, and YAM-
Net for each acoustic event can increase AEDC efficiency. In this context,
the feature vectors from all three methods are not equally relevant to
horn detection, and some may contain redundant or irrelevant informa-
tion. This issue can increase computational costs during classification
stages.

The mRMR method can solve this problem by selecting optimal fea-
tures and reducing dimensions. The mRMR feature selection method
minimises information overlap while ensuring each selected feature sig-
nificantly predicts the output (Peng et al., 2005). By creating an optimal
balance between relevance (connection to the output) and redundancy
(reducing overlap), mRMR substantially improves system accuracy and
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efficiency. In this regard, the effectiveness of the mRMR method for
high-dimensional data has been confirmed (Peng et al., 2005). In the
mRMR method, relevance refers to the extent to which a feature influ-
ences the output prediction; in this study, the relevance is measured in
terms of the horn type. Relevance is calculated using an index called
mutual information, which quantifies the amount of information shared
between a feature and the output. To calculate the relevance between a
feature X; and output Y, one can use:

Y) = 25y
IXaY)= 3 o Dy px.y)log (p(x)p(y)>,

where the function p(x, y) describes the joint probability of X; and Y.
These values are obtained from the training data. Similarly, p(x) and p(y)
represent the marginal probabilities for X; and Y, respectively, indicat-
ing their distributions in the dataset. The logarithm in this equation is
typically defined with base 2, so its output quantitatively demonstrates
how much knowing the value of X; reduces uncertainty about Y. Higher
values of 7(X;;Y) mean that feature X; has a good output predictor and
will consequently have higher priority in the feature selection process.
The concept of Redundancy evaluates how much information overlaps
between a candidate feature and previously selected features. This cri-
terion, confirmed by recent studies (Ding & Peng, 2005), demonstrates
the extent to which a feature provides repetitive information compared
to other existing features. This criterion is defined as the average mutual
information between the candidate feature X; and all other features, X;:

3

NT
I, = ﬁ > I(X:X)), @
sl j=1,i#)

where N, represents the total feature count, and I(X;; X;) measures the
mutual information between the candidate feature X; and each feature
X; from the set of existing features. High values for 7(X;; X;) indicate
significant information overlap between features, and the average of
this value expresses how a feature is similar to all existing features. By
minimising this criterion, the mRMR algorithm ensures that the final
features are informationally diverse. In the mRMR method, the feature
selection criterion is designed to simultaneously combine two measures:
relevance and redundancy, into a single objective function. The objec-
tive function is defined as:

dX)=1(XpY) -1, (5)

where ¢(X;) is the final score of X;, and features with a higher ¢(X;)
will be more critical. Before calculating the final score, the feature val-
ues were divided into different intervals for discretisation. The number
of intervals (bins), k, is a crucial parameter in the discretisation process.
If k is too small, it can lead to oversimplification and loss of essential fea-
tures. On the other hand, if  is too large, the noise effect on probability
estimates increases. After discretisation, probability distributions such
as p(x,y), p(x), and p(y) are extracted and used to calculate relevance
and redundancy. Although discretisation is common, alternatives like
kernel density estimation can provide discrete probability distribution
estimates without requiring division into bins, although these methods
have higher computational costs. Adaptive partitioning has been sug-
gested to improve discretisation in continuous data (Darbellay & Vajda,
1999).

The mRMR method finds the optimal solution using a greedy forward
selection algorithm. The effectiveness of greedy approaches in finding
optimal solutions in information theoretic contexts has been confirmed
by Battiti (1994). In greedy forward selection, the algorithm initially
assumes that the subset of selected features S is empty and selects the
feature with the highest mutual information I(X;;Y) value. At this stage,
the information overlaps within the solution set, or redundancy equals
zero. In the next iteration, a feature which maximises the objective func-
tion ¢(X;) isadded to S. I, is calculated only with respect to the selected
features .S. This process continues until all features are added to .S,
which creates a sorted list of features. This ongoing update ensures that
feature selection remains optimal in terms of both predictive power and
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Fig. 8. Flowchart of the mRMR method.

information diversity. Fig. 8 depicts the flowchart of mRMR. Although
this method is not ideal for reaching globally optimal solutions, it is very
efficient because each iteration evaluates only the remaining features of
|.S| — n. This characteristic enables feature selection in high-dimensional
data, especially in real-time applications. The sorted feature list enables
the assessment of how increasing the feature count affects the perfor-
mance of the SVM classifier in the proposed AEC system, allowing for
the selection of the optimal feature count by balancing computational
cost and performance.

This selection yields a streamlined feature subset that enables faster
and more stable SVM training, which is crucial for real-time applica-
tions in driving scenarios. To summarise the complete pipeline: a 10-
second audio clip is split into 1-second frames with a 0.1-second hop. In
the AED step, a Log-Mel spectrogram (64 bands) is extracted from each
frame and classified as horn or no horn by a Bag ensemble. The BPDF
block then corrects the frame-level outputs using majority voting over
ten consecutive frames. Frames labelled as horn are forwarded to the
AEC step, where VGGish extracts a 128-dimensional embedding from
each frame. The mRMR algorithm ranks all 128 features, and the top 80
are selected. Four parallel binary SVM classifiers (RBF kernel), one per
horn class, receive the reduced feature vector and produce independent
predictions. A second BPDF block corrects each classifier output. The
full parameter settings for every component are given in Section 5.3.

4. Experimental setup

This Section discusses the details of the implementation and evalua-
tion metrics of the proposed method. Firstly, the Section 4.1 addresses
the database, followed by evaluation criteria in Section 4.2. Finally, Sec-

tion 4.3 describes the implementation details, parameters, and evalua-
tion metrics.

4.1. Database

This study uses a database specifically designed for AEDC systems
in driving scenarios (Castorena et al., 2024a). Since the primary goal
of the proposed horn detection system is to enhance driving safety, the
chosen database aligns perfectly with the research objective. This com-
prehensive database includes acoustic events that can distract drivers
in real conditions and various driving scenarios. The data was synthet-
ically generated using real data and noise from driving environments
and inside vehicles, along with changes in amplitude and character-
istics of the original acoustic signal. The audio clips in this database
are all 10 seconds long and were selected from various sources, includ-
ing UrbanSound (Salamon et al., 2014), Musical genre classification of
acoustic signals (Tzanetakis & Cook, 2002), Audio Set (Gemmeke et al.,
2017), Old phone ringtones as midi (Torosyan, 2019), ASR-CabNois
(MagicHub, 2023), Freesound (Group, 2023), A singing voice (Wilkins
et al., 2018), DCASE 2020 Task 4 dataset (Serizel et al., 2020). A cry
corpus features dataset (Valani, 2023).

Specifically, the horn signals were taken from references (Group, 2023;
Salamon et al., 2014). Scaper, as a Python library, was used to combine
event acoustic signals with environmental sounds/noise in the database
(Castorena et al., 2024a; Valani, 2023). In the AEDC system proposed in
Castorena et al. (2024a), acoustic events are categorised into two main
groups: those inside and outside the car, with each group having its own
subgroups. Fig. 9 depicts a summarised taxonomy of this database, in-
cluding horn signals. The database contains 46 distinct acoustic event
categories. The database contains 14,952 original 10-second audio files
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Fig. 9. Taxonomy of the used database, including selected classes.

for training, 1996 for testing, and 1991 for validation. After segmenta-
tion using 1-second windows with 0.1-second hop length, this yields the
sample counts shown in Table 2.

4.2. Evaluation criteria

To evaluate the proposed method, Polyphonic SED (Mesaros et al.,
2016) evaluation metrics were employed. Segment-based evaluation in-
dicators were used since the database contains multiple simultaneous
horn events. In this standard, acoustic events are detected based on small
audio segments. As mentioned, the default segment length in YAMNet
and VGGish is 0.975 seconds, and this same length was applied to Mel
in the first step. It is assumed that if an event exists for more than 0.1
seconds, it exists in that segment. The following definitions and metrics
were used in the evaluation:

e TP: Number of times the model correctly detected the presence of
an event in the segment;

e FP: Number of times the model detected an event in the segment
when no event had occurred;

e FN: Number of times the model output indicated no event in the
segment when an event had occurred;

e T N: Number of times the model correctly detected the absence of
an event in the segment.

Precision (Pr) denotes the ratio of correctly detected segments con-
taining acoustic events to the total number of segments containing
acoustic events:
_ TP
= TPT P
Recall (Re) denotes the ratio of correctly detected segments contain-
ing acoustic events to the total number of segments the system identified
as containing acoustic events:
Re = L

TP+ FN

The F score (F1) represents the ratio of correctly detected segments
containing acoustic events to the sum of correctly detected segments
containing acoustic events and half of the total system errors:

TP
TP+ (FP-;FN)

Pr (6)

@)

Fl= 2Recall X Precision _
Recall + Precision

(8)

Accuracy (Acc) represents the ratio of all correctly classified seg-
ments to the total number of segments:

TP+TN

ACC = .
TP+TN+FP+FN

9
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Table 2
Number of samples with and without horns and each horn class, in the used
database (Castorena et al., 2024a).

Split No Horn Horn Boat Car Truck Train

Train 1,064,832 295,800 105,762 55,866 64,179 91,934

Test 143,018 38,618 6273 6451 16,268 12,195

Validation 140,167 41,014 13,594 8240 8350 13,796
Table 3

Number of samples after data augmentation based on a 1-second input
window.

Split No Horn  Horn Boat Car Truck Train
Train 1,064,832 1,064,832 380,726 201,109 231,034 330,947
Test 143,018 143,018 23,231 23,891 60,247 45,163
Validation 140,167 140,167 46,458 28,161 28,536 47,148

4.3. Experimental conditions

The evaluation approach performed in this study for the AED and
AEC steps is a comparative method. For the AED binary classifier that
separates horn signals from others, six approaches were analysed, in-
cluding three feature extraction methods and three binary classifiers:
SVM, CNN, and Ensemble learning (see Fig. 2). There was no feature se-
lection in the AED step, and the standard parameters of the approaches
were identical in both training and testing. An analysis of Mel param-
eters was conducted for the Log-Mel spectrogram, and various com-
parisons were performed to select the best classifier parameters. The
comparative AEC step includes feature extraction methods based on the
Log-Mel spectrogram, the VGGish network, the YAMNet network, and
a combination of all three features together (see Fig. 3). Similar to the
AED step, identical training and test data were employed in all compar-
isons to evaluate the approaches under similar conditions.

The SVM classifier and feature selection parameters were considered
identical in all methods to avoid any potential bias in the results. Since
VGGish and YAMNet networks share identical Mel feature extraction pa-
rameters, the comparative approach designed in Fig. 2 and 3 employed
the same Mel parameters as these two networks. In the binary classifi-
cation stage, the effect of Mel parameters on the output was examined
through systematic ablation studies reported in Table 6.

The simulations in Figs. 2 and 3 were performed with 1-second input
data and a hop length of 0.1 seconds. The selected timing parameters
result in 91 samples from each 10-second clip. Any input sample con-
taining more than 10% (0.1 s) of the horn signal was considered a horn
sample. Table 2 demonstrates the number of samples with and without
horns and each horn type in the training, testing, and validation sets
based on the selected frame and hop length. Table 2 demonstrates that
the dataset is imbalanced in both AED and AEC steps.

In the case of AED, there is more than a threefold imbalance be-
tween the two classes, which must be considered in training. There is
less imbalance among the horn classes. For example, the training group
has approximately 105,700 boat samples compared to about 55,800 car
samples, indicating a roughly twofold difference. The sample counts in
Table 2 show a clear imbalance in both AED and AEC steps. In the AED
step, non-horn samples outnumber horn samples by more than three
to one, and within the horn classes, the boat class has roughly twice
as many samples as the car class. To address this, the SCAPER library
was used to generate additional labelled samples through pitch shifting
and time stretching until each class reached a balanced count (Salamon
et al., 2017). Table 3 shows the sample counts after augmentation. For
the AED step, horn samples were increased from 295,800 to 1,064,832
to match the non-horn count. For the AEC step, each horn class was
scaled in proportion to the training split so that the ratio between classes
became roughly equal.
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Fig. 10. Feature representations of a 10-second audio clip with three overlapping horn events: (A) Log-Mel spectrogram, (B) VGGish embeddings, and (C) YAMNet

embeddings.

Augmentation was carried out separately for the training, test, and
validation sets, where each set was augmented using only its own data.
This keeps the three partitions independent and prevents any infor-
mation leakage between them. The augmentation ratio was kept equal
across all classes so that each horn type received the same level of bal-
ancing. In some of the augmented clips, multiple horn signals appear
at the same time, which reflects real driving conditions where horns
from different sources can overlap. After applying data augmentation,
the data in Table 2 changed to the one in Table 3.

5. Results
5.1. Features at a glance

In the first step, the three features were graphically plotted, and a
visual analysis of their changes was performed during the horn. Fig. 10a
shows the Log-Mel spectrogram of a 10-second clip containing three dif-
ferent horn signals. The horns also overlap. As can be seen from Fig. 10a,
separating different horns from each other and the background noise is
complex, and no distinct feature in the image can be considered rep-
resentative of a particular horn event. Fig. 10b shows the VGGish em-
bedding feature for the same clip. In this feature, relatively notable dif-
ferences between the horns are visible. For example, when a train horn
occurs, specific changes can be observed in feature values around index
80 in Fig. 10b (indicated by an arrow). The YAMNet feature is demon-
strated in Fig. 10c. In this plot, some changes are visible. Still, no clear
relationship can be concluded given that the horns existed between 0.5
and 9.6 seconds, and the pattern of changes is interrupted (for instance,
the black arrow in Fig. 10c).
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5.2. AED step

Based on Fig. 2, in the first step, horn signals were separated from
non-horn signals using six binary classifiers trained with VGGish, YAM-
Net, and Mel features. In VGGish and YAMNet, the outputs are one-
dimensional, whereas in the Log-Mel spectrogram, the output is two-
dimensional. The specifications of the classifiers used are as follows: For
classifiers with VGGish and YAMNet features, Support Vector Machine
(SVM) and Ensemble learning structures with different kernels, includ-
ing Radial Basis Function (RBF), polynomial, and linear, were used. For
structures using Mel features, CNNs and Ensemble learning were used. In
all features, the window length is assumed to be 0.975 seconds. In the
CNN classifier (see Fig. 7), the Adam optimiser with an Initial Learn-
ing Rate of 0.01 yielded the best results, as reported. The results are
presented in Table 4, where it is possible to perceive that the Log-Mel
spectrogram feature in Bag-type Ensemble learning performs better than
other methods.

To support claims of superiority in Bag-type Ensemble learning, the
Analysis of Variance (ANOVA) test was used to assess the repeatability
and reproducibility of the results. In the repeatability check, the clas-
sifiers were trained 10 times using the same train, test, and validation
sets. In the reproducibility check, all classifiers were trained 10 times
using new training, test, and validation sets randomly selected from the
main set. In terms of repeatability and reproducibility of results, ANOVA
confirmed the significance of differences between different classifiers
(F > 15.3, p < .001) and found no significant differences between results
within a given classifier (p > .05). All analyses were performed using a
significance level of 0.05.

Fig. 11 shows the evaluation metrics for AED systems with the Log-Mel
spectrogram feature. The Bag and RUSBoost ensemble’s results are more
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Table 4
The AED step evaluation results.
Test Validation
TN FP FN TP ACC Pr Re F1 TN FP FN TP ACC Pr Re F1
RBF 86,040 56,978 50,472 92,546 0.62 0.62 0.65 0.63 84,325 55,842 49,466 90,701 0.63 0.63 0.66 0.64
SVM polynomial 87,098 55,920 79,666 63,352 0.53 0.53 0.44 0.48 85,362 54,805 78,078 62,089 0.52 0.52 0.44 0.48
linear 62,667 80,351 44,480 98,538 0.56 0.55 0.69 0.61 61,418 78,749 43,594 96,573 0.56 0.55 0.69 0.61
LogitBoost 80,854 62,164 54,057 88,961 0.59 0.59 0.62 0.60 79,242 60,925 52,980 87,187 0.59 0.58 0.63 0.60
VGG AdaboostM1 79,928 63,090 56,142 86,876 0.58 0.58 0.61 0.59 78,334 61,833 55,023 85,144 0.59 0.58 0.62 0.60
Bag 124,042 18,976 91,086 51,932 0.62 0.73 0.36 0.49 121,569 18,598 89,270 50,897 0.61 0.71 0.36 0.48
Ens. Subspace 57,207 85,811 38,561 104,457 0.57 0.55 0.73 0.63 56,066 84,101 37,792 102,375 0.57 0.56 0.74 0.63
GentleBoost 106,252 36,766 79,636 63,382 0.59 0.63 0.44 0.52 104,134 36,033 78,048 62,119 0.60 0.65 0.45 0.53
RobustBoost 116,687 26,331 98,266 44,752 0.56 0.63 0.31 0.42 114,361 25,806 96,307 43,860 0.57 0.64 0.31 0.42
RUSBoost 74,998 68,020 54,379 88,639 0.57 0.57 0.62 0.59 73,503 66,664 53,295 86,872 0.57 0.56 0.63 0.60
RBF 84,375 58,643 69,251 73,767 0.55 0.56 0.52 0.54 82,693 57,474 67,870 72,297 0.54 0.55 0.51 0.53
SVM polynomial 83,784 59,234 68,711 74,307 0.55 0.56 0.52 0.54 82,114 58,053 67,341 72,826 0.55 0.56 0.51 0.53
linear 87,123 55,895 72,468 70,550 0.55 0.56 0.49 0.52 85,387 54,780 71,024 69,143 0.55 0.56 0.50 0.53
LogitBoost 75,645 67,373 54,979 88,039 0.57 0.57 0.62 0.59 74,137 66,030 53,883 86,284 0.57 0.56 0.61 0.59
YAMNet AdaboostM1 75,461 67,557 56,076 86,942 0.57 0.56 0.61 0.58 73,957 66,210 54,958 85,209 0.57 0.57 0.61 0.59
Bag 94,007 49,011 65,963 77,055 0.60 0.61 0.54 0.57 92,133 48,034 64,648 75,519 0.59 0.60 0.53 0.56
Ens. Subspace 87,268 55,750 75,687 67,331 0.54 0.55 0.47 0.51 85,528 54,639 74,178 65,989 0.54 0.54 0.47 0.51
GentleBoost 77,959 65,059 58,156 84,862 0.57 0.57 0.59 0.58 76,405 63,762 56,997 83,170 0.56 0.56 0.59 0.57
RobustBoost 71,227 71,791 53,413 89,605 0.56 0.56 0.63 0.59 69,807 70,360 52,348 87,819 0.56 0.55 0.62 0.58
RUSBoost 45,982 97,036 33,253 109,765 0.54 0.53 0.77 0.63 45,065 95,102 32,591 107,576 0.55 0.53 0.78 0.63
CNN - 117,519 25,499 41,271 101,747 0.77 0.80 0.71 0.75 115,177 24,990 40,448 99,719 0.77 0.80 0.72 0.76
LogitBoost 117,750 25,268 36,486 106,532 0.78 0.81 0.74 0.78 115,402 24,765 35,758 104,409 0.78 0.80 0.76 0.78
AdaboostM1 117,869 25,149 38,485 104,533 0.78 0.81 0.73 0.77 115,520 24,647 37,718 102,449 0.78 0.80 0.75 0.77
Log-Mel Bag 115,320 27,698 31,750 111,268 0.79 0.80 0.78 0.79 113,021 27,146 31,117 109,050 0.78 0.79 0.76 0.77
Ens. Subspace 99,603 43,415 69,548 73,470 0.61 0.63 0.51 0.57 97,617 42,550 68,161 72,006 0.60 0.62 0.52 0.57
GentleBoost 117,778 25,240 39,223 103,795 0.77 0.80 0.73 0.76 115,430 24,737 38,441 101,726 0.77 0.81 0.72 0.76
RobustBoost 116,518 26,500 41,062 101,956 0.76 0.79 0.71 0.75 114,195 25,972 40,244 99,923 0.77 0.81 0.71 0.76
RUSBoost 106,596 36,422 35,245 107,773 0.75 0.75 0.75 0.75 104,471 35,696 34,542 105,625 0.76 0.76 0.76 0.76
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Fig. 11. Efficiency of the binary AED systems using the Log-Mel spectrogram feature (Table 4).

stable than those of the other methods. To validate this claim, a simi-
lar analysis to the previous one was conducted using an ANOVA test
under the same conditions. Regarding repeatability and reproducibil-
ity of results, ANOVA confirmed the significance of differences between
Bag and RUSBoost across classifiers and rejected differences within a
given classifier. Also, ANOVA rejected the difference between the Bag
and the RUSBoost classifiers. As a conclusion, the Bag-type classifier
was selected for the current study due to its higher and faster training
speed. Table 5 presents the results of the best performing classifiers with
standard deviation values obtained from 10 runs.

The low standard deviation values across all metrics confirm the sta-
bility and reliability of the proposed approach. To assess the reliability
and reproducibility of the AED classifiers, each system underwent 10 in-
dependent training runs using the same train, test, and validation sets.

Fig. 12 presents the F1 metric with bars representing standard devi-
ation across these runs for all the studied classifiers. The results demon-
strate that the Mel + Bag Ensemble not only achieves the highest per-
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Table 5
Performance metrics of best AED classifiers with standard deviation (mean +
std from 10 runs).

Classifier ACC Pr Re F1

VGG +SVM RBF 0.62+0.01 0.62+0.02 0.65+0.01 0.63+0.01
VGG +Bag Ensemble 0.62+0.02 0.73+0.02 0.36+0.01 0.49+0.02
YAMNet + Bag Ensemble 0.60+0.01 0.61+0.02 0.54+0.02 0.57 +£0.01
Mel +Bag Ensemble 0.79+0.01 0.80+0.01 0.78 +0.01 0.79+0.01

formance but also maintains efficiency across runs (standard deviation
<0.01), indicating robust, stable behaviour.

5.3. Hyperparameter selection and validation strategy

Each classifier’s internal hyperparameters were determined via a sys-
tematic grid search with 5-fold cross-validation on the training dataset.
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Fig. 12. F1 comparison of the studied AED classifiers with bars showing standard deviation in 10 runs (data from Table 5): Mel + Bag Ensemble achieves the highest

F1 of 0.79+0.01 among all tested approaches.

For SVM classifiers, the RBF kernel gamma parameter was explored
across the range [10~,10~!] with logarithmic spacing, while the reg-
ularisation parameter C was searched within [10°, 103]. Polynomial ker-
nel degrees were evaluated from 2 to 5, while linear kernels required
only tuning of the C parameter. Optimal parameter combinations were
selected based on maximum average F1 across validation folds, with
final values reported as: RBF gamma = 0.01, C = 100 for VGGish fea-
tures; gamma = 0.001, C = 50 for YAMNet features. Ensemble learning
methods employed MATLAB’s Statistics and Machine Learning Toolbox
default configurations using the fitcensemble function with the follow-
ing specifications: Bag ensemble used 30 learners with bootstrap aggre-
gation, AdaBoost M1 applied 100 weak learners with learning rate 0.1,
RUSBoost combined random undersampling with boosting using 100
learners and learning rate 0.1, LogitBoost employed 100 logistic regres-
sion weak learners, Subspace ensemble used 30 learners with random
subspace dimension of 50% of features, GentleBoost applied 100 gentle
boosting iterations, and RobustBoost employed 100 robust boosting iter-
ations. These ensemble configurations were adopted without extensive
tuning due to their established robustness across diverse classification
tasks, prioritising computational efficiency over marginal performance
gains from hyperparameter optimisation. A preliminary comparison of
default versus grid-searched ensemble parameters on a 20% validation
subset showed less than 1% variation in F1 score, justifying the default
parameter approach.

CNN architecture hyperparameters were optimised through manual
search guided by validation performance. The Adam optimiser learn-
ing rate was explored across [1074,10~'] in logarithmic steps, with 0.01
yielding optimal convergence. The batch size was evaluated at 32, 64,
and 128, with 64 selected based on training stability. The number of
convolutional filters was tested at 10, 20, and 30, with 20 filters provid-
ing adequate feature extraction without overfitting. Training proceeded
for a maximum of 50 epochs with early stopping based on validation loss
plateau (patience of 5 epochs), typically converging within 30 epochs.
Cross-validation was performed exclusively on training data to prevent
information leakage from test and validation sets. The dataset split fol-
lows the original partition provided in Castorena et al. (2024a), with
14,952 audio files for training, 1996 for testing, and 1991 for valida-
tion. Training samples come from entirely separate audio files compared
to test and validation samples, so no acoustic content appears in more
than one partition. All classifiers were initialised with MATLAB’s default
random seed (rng = 0) to allow exact reproduction of results. The 10
repeated runs reported in Table 5 used seeds O through 9.

All reported metrics, Accuracy, Precision, Recall, and F1, represent
deterministic values computed on held-out test and validation sets after
model training completion, not averages across cross-validation folds.
Confidence intervals were not computed due to the single train-test
split design inherent in the provided dataset structure (Castorena et al.,
2024a), which pre-allocated specific audio files to the training, testing,
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and validation partitions. Repeated random sampling was not feasible,
as it would introduce data leakage by allowing the same acoustic con-
tent to appear in both the training and evaluation sets.

Post-processing hyperparameters (binomial probability threshold of 5
detections in 10 consecutive frames) were derived analytically from
the acoustic properties of horn events, rather than being learned from
data. Analysis of ground truth labels revealed minimum horn durations
exceeding 100 ms, corresponding to at least 10 consecutive 1-second
frames with 0.1-second hop length. The majority voting threshold of
5/10 frames strikes a balance between false positive suppression and
detection preservation, with the specific value validated through error
analysis on the training set.

5.4. Ablation study of AED step

Because the window length of the Log-Mel spectrogram affects both
the size of the input features and the computational cost of the AED
step, the first step of the ablation study focuses on the effect of window
length on the AED step’s efficiency. The window length was increased
from 0.1 to 1 second in increments of 0.1. Changing the window length
also resulted in slight changes in the number of samples. The results are
given in Table 6, which shows that while the window length increases
from 0.1 second to 1 second, ACC improves slightly, Pr decreases, while
Re and F1 show considerable improvement. In fact, using a longer time
window helps the system detect horn events better. This reduces FN
and brings Pr and Re parameters closer together. At a window length
of 0.9 seconds, the results become fairly stable and balanced across all
metrics. The 900 ms window performs very similarly to the 1-second
window length shown in Table 4, which uses a 1-second window length
for extracting Log-Mel Spectrogram.

To confirm this result quantitatively, an ANOVA test was performed un-
der the same conditions as the AED step. In terms of repeatability and
reproducibility of results, ANOVA confirmed the significance of differ-
ences between window lengths higher than 0.7 seconds (0.8, 0.9, and
1 seconds) and other values, while rejecting the difference between re-
sults within a given window length. Additionally, ANOVA rejected the
difference between the results of the 0.8, 0.9, and 1-second window
lengths. Since the extracted features will also be used in the AEC step, a
1-second window length was chosen as optimal. The 1-second window
results presented in Table 4 show performance comparable to that of the
900-ms window in Table 6, while providing better alignment with the
requirements of VGGish and YAMNet. It is worth noting that the VGGish
and YAMNet architectures have a fixed input length of 0.975 seconds,
set during their original training on the AudioSet dataset. Changing this
window would require retraining both networks from scratch on the full
AudioSet corpus, which falls outside the scope of this study. For the Log-
Mel spectrogram path, Table 6 presents a full sensitivity analysis across
ten window lengths (from 100 ms to 900 ms in 100 ms steps), covering
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Table 6
The effect of the Log-Mel spectrogram window length on AED systems.
Test Validation
TN FP FN TP ACC Pr Re F1 TN FP FN TP ACC Pr Re F1
CNN - 149,726 17,274 75,363 91,637 0.72 0.84 0.55 0.66 145,951 16,839 73,463 89,327 0.71 0.81 0.54 0.65

LogitBoost 147,731 19,269 77,043 89,957 0.71 0.82 0.54 0.65 144,007 18,783 75,101 87,689 0.70 0.80 0.53 0.64
AdaboostM1 147,388 19,612 77,745 89,255 0.71 082 053 0.65 143,672 19,118 75,785 87,005 0.71 0.84 0.52 0.64

100 ms Bag 146,797 20,203 74,505 92,495 0.72 0.82 055 0.66 143,097 19,693 72,627 90,163 0.71 0.80 0.57 0.66
Ens.  Subspace 138,559 28,441 97,064 69,936 0.62 0.71 042 0.53 135,066 27,724 94,617 68,173 0.62 0.70 0.43 0.53
GentleBoost 147,387 19,613 80,672 86,328 0.70 0.81 0.52 0.63 143,671 19,119 78,638 84,152 0.71 0.83 0.52 0.64

RobustBoost 146,929 20,071 78,263 88,737 0.71 0.82 0.53 0.64 143,225 19,565 76,290 86,500 0.70 0.80 0.53 0.64

RUSBoost 136,486 30,514 71,457 95,543 0.69 0.76 0.57 0.65 133,045 29,745 69,656 93,134 0.70 0.77 0.58 0.66

CNN - 144,933 19,291 71,538 92,686 0.72 0.83 0.56 0.67 141,364 18,816 69,776 90,404 0.73 0.84 0.56 0.67
LogitBoost 143,229 20,995 71,366 92,858 0.72 0.82 0.57 0.67 139,702 20,478 69,609 90,571 0.71 0.81 0.55 0.66

AdaboostM1 142,909 21,315 72,808 91,416 0.71 081 056 0.66 139,390 20,790 71,015 89,165 0.72 0.83 0.56 0.67

200ms Bag 142,926 21,298 69,070 95,154 0.72 0.82 0.58 0.68 139,406 20,774 67,369 92,811 0.72 0.80 0.59 0.68
Ens.  Subspace 133,848 30,376 93,572 70,652 0.62 0.70 0.43 0.53 130,552 29,628 91,268 68,912 0.62 0.70 0.43 0.53
GentleBoost 143,748 20,476 74,776 89,448 0.71 0.81 0.54 0.65 140,208 19,972 72,935 87,245 0.71 0.81 0.54 0.65

RobustBoost 142,104 22,120 72,721 91,503 0.71 081 056 0.66 138,605 21,575 70,930 89,250 0.71 0.81 055 0.65

RUSBoost 132,334 31,890 67,200 97,024 0.70 0.75 0.59 0.66 129,075 31,105 65,545 94,635 0.69 0.74 0.59 0.66

CNN - 142,849 18,630 67,147 94,332 0.73 0.84 058 0.69 139,410 18,182 65,531 92,061 0.73 0.83 0.59 0.69
LogitBoost 140,937 20,542 66,998 94,481 0.73 0.82 059 0.68 137,544 20,048 65,385 92,207 0.73 0.80 0.59 0.68

AdaboostM1 141,204 20,275 67,365 94,114 0.73 0.82 0.58 0.68 137,805 19,787 65,743 91,849 0.74 0.85 0.59 0.69

300ms Bag 137,642 23,837 62,941 98,538 0.73 0.81 0.61 0.69 134,329 23,263 61,426 96,166 0.73 0.82 0.60 0.69
Ens.  Subspace 127,416 34,063 89,975 71,504 0.62 0.68 0.44 0.54 124,349 33,243 87,809 69,783 0.61 0.67 0.44 0.53
GentleBoost 141,356 20,123 70,486 90,993 0.72 0.82 0.56 0.67 137,953 19,639 68,789 88,803 0.72 0.81 0.56 0.67

RobustBoost 140,111 21,368 67,757 93,722 0.72 0.81 0.58 0.68 136,738 20,854 66,126 91,466 0.72 0.81 0.58 0.67

RUSBoost 129,576 31,903 61,835 99,644 0.71 0.76 0.62 0.68 126,457 31,135 60,347 97,245 0.71 0.75 0.62 0.68

CNN - 139,056 19,706 62,545 96,217 0.74 0.83 0.61 0.70 135789 19,243 61,076 93,956 0.75 0.85 0.61 0.71
LogitBoost 136,853 21,909 60,364 98,398 0.74 0.82 0.62 0.71 133,638 21,394 58,946 96,086 0.74 0.83 0.61 0.70

AdaboostM1 137,005 21,757 63,025 95,737 0.73 0.81 0.60 0.69 133,786 21,246 61,544 93,488 0.73 0.83 0.59 0.69

400ms Bag 134,641 24,121 57,916 100,846 0.74 0.81 0.64 0.71 131,478 23,554 56,555 98,477 0.75 0.82 0.65 0.72
Ens.  Subspace 124,183 34,579 86,840 71,922 0.62 0.68 045 0.54 121,265 33,767 84,800 70,232 0.63 0.69 046 0.55
GentleBoost 135,291 23,471 63,676 95,086 0.73 0.80 0.60 0.69 132,112 22,920 62,180 92,852 0.72 0.79 0.60 0.68

RobustBoost 134,852 23,910 62,748 96,014 0.73 0.80 0.60 0.69 131,684 23,348 61,274 93,758 0.71 0.78 0.59 0.68

RUSBoost 126,366 32,396 56,159 102,603 0.72 0.76 0.65 0.70 123,397 31,635 54,840 100,192 0.71 0.74 0.63 0.68

CNN - 135,409 20,664 57,027 99,046 0.75 0.83 0.63 0.72 132,306 20,191 55,720 96,777 0.75 0.85 0.62 0.72
LogitBoost 132,666 23,407 55,249 100,824 0.75 0.81 0.65 0.72 129,626 22,871 53,983 98,514 0.74 0.80 0.65 0.72

AdaboostM1 134,072 22,001 57,505 98,568 0.75 0.82 0.63 0.71 131,000 21,497 56,187 96,310 0.75 0.84 0.62 0.71

500 ms Bag 132,411 23,662 52,685 103,388 0.76 0.81 0.66 0.73 129,377 23,120 51,478 101,019 0.76 0.81 0.67 0.74
Ens.  Subspace 119,355 36,718 83,081 72,992 0.62 0.67 047 055 116,620 35,877 81,177 71,320 0.61 0.66 0.46 0.54
GentleBoost 133,811 22,262 59,327 96,746 0.74 081 0.62 0.70 130,745 21,752 57,968 94,529 0.74 0.81 0.61 0.70

RobustBoost 131,445 24,628 59,879 96,194 0.73 0.80 0.62 0.69 128,433 24,064 58,507 93,990 0.73 0.80 0.60 0.69

RUSBoost 121,662 34,411 52,214 103,859 0.72 0.75 0.67 0.71 118,874 33,623 51,018 101,479 0.73 0.76 0.66 0.71

CNN - 129,726 23,683 53,847 99,562 0.75 0.81 0.65 0.72 126,831 23,155 52,646 97,340 0.75 0.81 0.66 0.73
LogitBoost 130,295 23,114 51,678 101,731 0.76 0.81 0.66 0.73 127,388 22,598 50,525 99,461 0.76 0.82 0.66 0.73

AdaboostM1 129,155 24,254 53,520 99,889 0.75 0.80 0.65 0.72 126,273 23,713 52,326 97,660 0.74 0.79 0.66 0.71

600 ms Bag 126,803 26,606 46,247 107,162 0.76 0.80 0.70 0.75 123,974 26,012 45,215 104,771 0.77 0.82 0.70 0.76
Ens.  Subspace 114,502 38,907 79,587 73,822 0.61 065 048 055 111,947 38,039 77,811 72,175 0.60 0.64 0.47 0.54
GentleBoost 130,381 23,028 54,876 98,533 0.75 0.81 0.64 0.72 127,472 22,514 53,652 96,334 0.75 0.83 0.63 0.72

RobustBoost 129,526 23,883 53,861 99,548 0.75 0.81 0.65 0.72 126,636 23,350 52,659 97,327 0.74 0.81 0.64 0.71

RUSBoost 118,793 34,616 47,370 106,039 0.73 0.75 0.69 0.72 116,142 33,844 46,313 103,673 0.73 0.76 0.69 0.72

CNN - 127,225 23,542 50,118 100,649 0.76 0.81 0.67 0.73 124,462 23,031 49,030 98,463 0.75 0.79 0.66 0.72
LogitBoost 126,317 24,450 45,551 105,216 0.77 0.81 0.70 0.75 123,574 23,919 44,562 102,931 0.77 0.80 0.71 0.75

AdaboostM1 126,044 24,723 48,744 102,023 0.76 0.80 0.68 0.74 123,307 24,186 47,685 99,808 0.75 0.79 0.66 0.72

700 ms Bag 125,531 25,236 41,277 109,490 0.78 0.81 0.73 0.77 122,805 24,688 40,381 107,112 0.78 0.81 0.74 0.77
Ens.  Subspace 110,326 40,441 76,508 74,259 0.61 0.65 049 0.56 107,930 39,563 74,847 72,646 0.61 0.65 0.50 0.56
GentleBoost 125,501 25,266 49,198 101,569 0.75 0.80 0.67 0.73 122,776 24,717 48,130 99,363 0.76 0.80 0.69 0.74

RobustBoost 124,683 26,084 50,975 99,792 0.74 0.79 0.66 0.72 121,975 25,518 49,868 97,625 0.74 0.80 0.66 0.72

RUSBoost 116,050 34,717 43,331 107,436 0.74 0.76 0.71 0.73 113,530 33,963 42,390 105,103 0.73 0.74 0.70 0.72

CNN - 121,993 26,163 45,911 102,245 0.76 0.80 0.69 0.74 119,420 25,611 44,943 100,088 0.76 0.80 0.70 0.75
LogitBoost 122,627 25,529 40,973 107,183 0.78 0.81 0.72 0.76 120,040 24,991 40,109 104,922 0.77 0.80 0.71 0.75

AdaboostM1 123,742 24,414 44,354 103,802 0.77 0.81 0.70 0.75 121,132 23,899 43,418 101,613 0.76 0.79 0.70 0.74

800 ms Bag 120,514 27,642 36,256 111,900 0.78 0.80 0.76 0.78 117,972 27,059 35,491 109,540 0.79 0.82 0.75 0.78
Ens.  Subspace 106,544 41,612 74,433 73,723 0.61 0.64 050 0.56 104,297 40,734 72,863 72,168 0.60 0.63 0.49 0.55
GentleBoost 123,102 25,054 43,748 104,408 0.77 0.81 0.70 0.75 120,505 24,526 42,825 102,206 0.77 0.81 0.72 0.76

RobustBoost 121,677 26,479 46,225 101,931 0.75 0.79 0.69 0.74 119,111 25,920 45,250 99,781 0.76 0.81 0.68 0.74

RUSBoost 111,975 36,181 39,406 108,750 0.74 0.75 0.73 0.74 109,613 35418 38,575 106,456 0.76 0.77 0.75 0.76

CNN - 120,760 24,812 41,107 104,465 0.77 0.81 0.72 0.76 118,287 24,304 40,265 102,326 0.76 0.79 0.71 0.75
LogitBoost 120,152 25,420 38,148 107,424 0.78 0.81 0.74 0.77 117,692 24,899 37,367 105,224 0.78 0.81 0.73 0.77

AdaboostM1 120,039 25,533 38,460 107,112 0.78 0.81 0.74 0.77 117,581 25,010 37,672 104919 0.77 0.79 0.73 0.76

900 ms Bag 117,338 28,234 32,341 113,231 0.79 0.80 0.78 0.79 114,935 27,656 31,679 110,912 0.77 0.78 0.76 0.77
Ens.  Subspace 101,317 44,255 71,381 74,191 0.60 0.63 0.51 0.56 99,242 43,349 69,919 72,672 0.60 0.63 0.50 0.56

GentleBoost 119,397 26,175 40,706 104,866 0.77 0.80 0.72 0.76 116,952 25,639 39,872 102,719 0.77 0.80 0.71 0.75
RobustBoost 119,587 25,985 40,950 104,622 0.77 0.80 0.72 0.76 117,138 25,453 40,111 102,480 0.76 0.79 0.72 0.75
RUSBoost 108,495 37,077 35,889 109,683 0.75 0.75 0.75 0.75 106,273 36,318 35,154 107,437 0.75 0.75 0.77 0.76
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Table 7
AED performance before and after post-processing (Mel + Bag En-
semble).
Set Stage AcCC Pr Re F1
Test Before post-processing  0.79  0.80 0.78  0.79
After post-processing 0.97 0.97 0.96 0.97
. Before post-processing 0.78 0.79 0.76 0.77
Validation After post-processing 0.96 0.97 0.95 0.96

windows both shorter and longer than the 0.5 seconds suggested as an
alternative. The results confirm that performance stabilises at window
lengths above 700 ms, with 0.8, 0.9, and 1-second windows showing no
statistically significant differences (ANOVA, p > .05).

5.5. Post-processing

Analysis of the Horns database revealed that horn signals last more
than 100 ms. Given the 1-second window length and 0.1-second hop
length, a horn should be detected across 10 consecutive frames. This
characteristic enables error reduction through a post-processing step
based on the binomial probability distribution: a horn label is assigned
only if detection occurs in at least five of 10 frames. The error probability
corresponds to six or more false detections in a 10-frame sequence. Let k
denote wrong detections, p the ACC of the AED system, and ¢ = 1 — p the
error probability for 1 frame. With the best ACC = 0.79 (Table 4), the
theoretical post-processing error under the assumption of independent
frame errors is:

p=.79,
10
k

10 _
P(X =k) = ( P )qkp“’ “

q=0.21,

B 10!
T kI10 - k)17
(10)

10
P(X>5)=ZP(X=k)—>

10
Z <10> (0.21)%(0.79)19°% ~ 0.0082.
k=6 k=6 k

Eq. (10) yields a theoretical upper bound of approximately 99.2%
for AED accuracy after post-processing. However, in practice, consecu-
tive frames share a large portion of their content due to the 0.1-second
hop length within a 1-second window, which means the independence
assumption holds only approximately. To obtain reliable performance
figures, the post-processing step was applied to the full test and vali-
dation sets, and the actual evaluation metrics were measured directly.
Table 7 presents these results.

As shown in Table 7, the measured F1 after post-processing reaches
0.97 on the test set and 0.96 on the validation set. These values fall
below the theoretical upper bound of Eq. (10), which is expected given
the overlap between adjacent frames. Nevertheless, the post-processing
step produces substantial improvements across all metrics, raising F1 by
0.18 on the test set and 0.19 on the validation set. This confirms that
the binomial majority voting scheme is an effective and computationally
inexpensive way to reduce frame-level errors in the AED step.

5.6. The ablation study of AEC step

Various scenarios were examined regarding the AEC step (Fig. 3).
Four binary SVM classifiers with RBF kernels were employed to sepa-
rate the four horn classes, and the input feature vector was considered
to include a maximum of 128 features, corresponding to the full VGGish
embedding dimension. The RBF kernel was chosen for its superior per-
formance compared to other SVM kernels. The input acoustic signal is
taken from the AED step’s outputs, which are labelled ’horn’. The results
for the four classes, including Boat, Car, Truck, and Train Horn, are pre-
sented in Figs. 13 to 16. In each figure, four evaluation metrics, ACC,
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Table 8
AEC performance before and after post-processing per horn class (VG-
Gish + mRMR + SVM, test set).

Horn class  Stage ACC Pr Re F1
Boat Before post-processing  0.89  0.85 0.80  0.82
After post-processing 0.97 0.96 0.95 0.96
Car Before post-processing 0.90 0.86 0.81 0.83
After post-processing 0.97 0.97 0.96 0.97
Train Before post-processing 0.98 0.90 0.86 0.88
After post-processing 0.99 0.98 0.97 0.98
Truck Before post-processing 0.96 0.88 0.83 0.85
After post-processing 0.98 0.97 0.97 0.97

Pr, Re, and F1, are plotted simultaneously to clearly show the trade-
off between performance vs feature count in each scenario. Meanwhile,
comparing the plots reveals the effectiveness of different features in the
AEC step.

Fig. 13 demonstrates that when VGGish has been employed as a fea-
ture extractor, the AED showed better performance in the boat class, and
YAMNet and Log-Mel spectrogram features, separately or in combina-
tion with VGGish, did not improve the AED’s performance. In VGGish,
increasing the feature count has improved performance, though the im-
provement is minimal for feature counts greater than 100. With more
than 100 features, the performance of all classifiers becomes relatively
stable and acceptable. However, the significant differences between Re,
Pr, and F1, and between ACC across all plots, indicate the effect of un-
balanced training for this class, which is unacceptable.

In Figs. 15 and 16, where the data are less imbalanced, the systems’
performance across all four metrics is noticeably better than that of the
Boat and Car classes. In these two cases, ACC exceeds 98%, and the
F1 parameter exceeds 0.8; additionally, the differences between Re, Pr,
and ACC are decreasing, indicating proper system training progress. Like
boat and car classes, the VGGish is the best feature. In the next step, to
improve performance for the Car and Boat classes (Figs. 13 and 14), the
VGGish approach in these two classes was retrained using augmented
data. The results are demonstrated in Fig. 17. The significant difference
between Re, F1, and ACC in all cases indicates the effect of unbalanced
training in the boat class (Table 2), which is undesirable.

Fig. 14 exhibits a pattern similar to that of Fig. 13 for the perfor-
mance of different features, with VGGish features performing better than
the others. After data augmentation, the VGGish feature-based AEC sys-
tem showed improved accuracy for the Boat and Car classes.

As shown in Fig. 17, the evaluation metrics converged, with all four
reaching values above 0.8. To confirm that this gain comes from the
balanced training data rather than from a change in the model itself,
the same VGGish + mRMR + SVM pipeline was used in both cases
with identical hyperparameters.

The only difference was the composition of the training set. Before
augmentation (Fig. 13A for Boat, Fig. 14A for Car), the metrics showed
a clear gap between ACC and the other three indicators, which is a typ-
ical sign of class imbalance affecting the classifier. After augmentation
(Fig. 17), all four metrics rose and converged, meaning the classifier was
no longer biased towards the majority class. This comparison confirms
that the augmentation step was needed specifically for the two most
imbalanced classes (Boat and Car), while the Train and Truck classes
(Figs. 15A and 16A) already performed well without extra samples be-
cause their original class ratios were closer to balanced (Table 2). To
further reduce errors across all four classifiers, the same binomial post-
processing step from the AED stage (Section 5.5) was applied to the AEC
outputs.

Table 8 presents the AEC performance before and after post-
processing for each horn class on the test set, using 80 VGGish features
selected by mRMR. The results in Table 8 confirm that the binomial post-
processing raises the minimum F1 from 0.82 (Boat class) to 0.96 after
post-processing. The Train and Truck classes, which had lower class im-
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Fig. 13. Efficiency of proposed AEC systems in the Boat class: A - VGGish, B - YAMNet, C - Log-Mel spectrogram, and D - VGGish + YAMNet + Mel.

Table 9
Confusion matrix for the AED step after BPDF post pro-
cessing (Mel + Bag, test set, row normalised %).

Predicted Horn Predicted Non Horn

Actual Horn 97 3
Actual Non Horn 2 98

balance in the original data, achieve F1 scores of 0.98 and 0.97, respec-
tively. These measured values fall below the theoretical upper bound
from Eq. (10) for the same reasons discussed in Section 5.5, but still
represent a considerable gain across all four horn categories.

5.7. Confusion matrix analysis

To give a clearer picture of how the proposed framework distributes
its predictions across classes, Tables 9 and 10 present the confusion ma-
trices for the AED and AEC steps after BPDF post-processing, expressed
as row-normalised percentages. Each row represents the true class, and
each column represents the predicted class, so the diagonal entries cor-
respond to the per-class recall. For the AED step, Table 9 shows that
the Mel + Bag classifier with BPDF post processing correctly identifies
97% of horn event frames and 98% of non-horn frames in the test set.
Only 3% of actual horn frames go undetected, and only 2% of non-horn
frames trigger a false alarm. These figures are consistent with the F1
score of 0.97 reported in Table 7 and confirm that the post-processing
stage removes the majority of isolated misclassifications that occur at
the single frame level. For the AEC step, Table 10 presents the four-class
confusion matrix for the VGGish + mRMR +SVM classifier after BPDF
post-processing.
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Table 10
Confusion matrix for the AEC step
after BPDF post processing (VG-
Gish+mRMR+SVM, test set, row
normalised %).
Boat Car  Train Truck

Boat 96 2 1 1

Car 2 97 0 1

Train 0 1 98 1

Truck 1 1 1 97

All four horn classes achieve diagonal values of 96% or above, which
is consistent with the per-class F1 scores in Table 8. The small number
of misclassifications that do occur follow an expected pattern: the Boat
and Car classes show slightly more confusion with each other than with
Train or Truck, which matches the spectral overlap between these two
horn types observed in Section 5.1. The Train class achieves the high-
est recall at 98%, reflecting its distinct acoustic signature, with a longer
duration and lower fundamental frequency than the other horn types.
The strong diagonal dominance in both matrices confirms that the two-
stage framework produces reliable predictions with very few misclassi-
fications, both at the detection level and at the classification level.

It is also worth considering how the system behaves under different
noise conditions. The Castorena database (Castorena et al., 2024a) used
in this study consists of recordings captured in real urban settings with
naturally varying levels of background noise from traffic, wind, crowd
activity, and other environmental sources. The augmentation pipeline
described in Section 4.3 further increases this variation, since SCAPER
generates new training samples by mixing horn events with different
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Fig. 14. Efficiency of proposed AEC systems in the Car class: A - VGGish, B - YAMNet, C - Log-Mel spectrogram, and D - VGGish + YAMNet + Mel.

background soundscapes at a range of signal-to-noise ratios. As a result,
both the training and test sets reflect a broad spread of noise conditions
rather than a single controlled environment. The F1 scores of 0.97 for
AED (Table 7) and 0.96 or higher for all four AEC classes (Table 10) were
observed across this full range, suggesting that the proposed framework
handles realistic noise variation without a substantial drop in perfor-
mance. A formal sensitivity study at fixed SNR levels (e.g., 0, 6, and
12dB) could provide a finer breakdown of where the system begins to
struggle, and this remains a useful direction for future research. How-
ever, for the intended deployment in automotive ADAS, the performance
across naturally varying urban noise conditions is the more relevant test,
and the results presented here show that the method meets this require-
ment. Another question that deserves attention is how sensitive AEC
performance is to the number of features selected by mRMR.

In this study, the mRMR algorithm ranked all 128 VGGish embedding
dimensions by their relevance to the target classes, and the top 80 were
kept for classification. The choice of 80 features can be evaluated against
the other feature configurations already tested in this work. The VGGish
scheme without mRMR uses the full 128-dimensional embedding, while
the Combined scheme concatenates VGGish, YAMNet, and Log-Mel fea-
tures into a vector that is several times larger. As Fig. 13 through Fig. 16
show, the VGGish + mRMR scheme with 80 features matches or exceeds
the full 128-feature VGGish scheme across all four horn classes, and
it also outperforms the much larger Combined feature set. This means
that keeping roughly 60% of the original VGGish dimensions is enough
to capture the information that matters for distinguishing horn types,
and that adding more features beyond this point does not help. The
mRMR ranking itself provides further evidence: the mutual information
scores of the top 80 features drop off sharply after a certain point, which
indicates that the remaining 48 dimensions carry mostly redundant or
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irrelevant information. A finer sweep across different values of the se-
lected feature count (e.g., at steps of 10 from 20 to 128) could map the
exact point at which performance begins to plateau, which is noted as
a possible extension. Nevertheless, the existing comparison between 80
mRMR-selected features and the full 128 features already confirms that
the chosen operating point lies in a region where performance is strong
and stable. A related question is how the 80-feature subset would per-
form on acoustic data from environments not included in the original
training. The mRMR ranking depends on the statistical properties of the
Castorena training set (Castorena et al., 2024a), so the 80 indices it se-
lects were tuned to that database. If the recording conditions change
substantially, for example, data collected in a different city or with dif-
ferent vehicle categories, the distribution of VGGish embeddings may
shift, and a new mRMR ranking pass on a small sample of labelled data
from the target environment would be the right approach. This step
completes in under 10 seconds on a standard desktop machine, requires
no modification to the VGGish network or the SVM classifiers, and pro-
duces a new set of 80 indices to replace the old ones.

5.8. Discussion

The weaker AED results from VGGish (F1 0.63 with SVM RBF,
Table 4) and YAMNet (F1 = 0.63 with RUSBoost, Table 4) may appear
to contradict the claim that these models handle noisy conditions well.
However, the AED task is a binary classification problem in which the
classifier must separate one target event from 45 other acoustic cate-
gories, each mixed with background noise. The 128-dimensional VG-
Gish embedding was originally trained to distinguish among hundreds
of sound classes in AudioSet, so it spreads its representational capacity
across many event types rather than focusing on the horn vs. no-horn
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Fig. 15. Efficiency of proposed AEC systems in the Train class: A - VGGish,

boundary. The Log-Mel spectrogram, on the other hand, preserves the
full time-frequency detail of the input frame, which gives the Bag en-
semble enough local information to draw a cleaner decision boundary
for this specific binary task. In the AEC step, the situation reverses: once
the input is already known to be a horn, the VGGish embedding be-
comes the strongest feature because its learned representations capture
the finer differences between horn types (Figs. 13-16).

This pattern confirms that the strength of VGGish lies in classification
among similar events rather than in broad detection against a diverse
background. A complete analysis of how the Log-Mel spectrogram’s win-
dow length affects AED performance (Table 6) was done as an ablation
study. The results showed that 0.975 seconds is the best choice when
considering both suitable performance and its application in the AEC
step. Among the available classifiers, the Ensemble Bag classifier de-
livered the best results across all Precision, Accuracy, Recall, and F1
metrics (Fig. 11). Feature selection was not performed during the AED
step because the chosen Log-Mel spectrogram feature is the foundation
for extracting VGGish and YAMNet features.

In the AEC step for horn type classification, the proposed approach,
shown in Fig. 3, used an SVM classifier with a one-dimensional input
structure. This approach converts the Log-Mel spectrogram to a one-
dimensional vector after passing through the mRMR feature selection
block. After examination, it was found that the VGGish feature per-
forms much better than other approaches across all four horn classes
(Figs. 13-16). Changing the window length at this step was impossi-
ble, as the pretrained VGGish network was used. Therefore, the ablation
study focused on the number of input features to the classifier.

The results showed that VGGish features outperformed all other features
across every horn class, and that AEC performance changed very little
when using 80 or more features. This means that approximately 40%
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B - YAMNet, C - Log-Mel spectrogram, and D - VGGish + YAMNet + Mel.

of the input feature vector can be removed without noticeably reduc-
ing AEC performance, compared to the case where the mRMR step is
discarded, thereby helping lower the system’s power consumption and
computational complexity. To validate the above inferences in the AEC
step, a similar analysis to the AED step was conducted using an ANOVA
test under the same conditions. In terms of repeatability and repro-
ducibility, ANOVA confirmed the significance of differences between
pre-trained VGGish and other features. Also, ANOVA rejected the null
hypothesis of no difference within a given classifier.

5.9. Comparison with previous methods

Based on our knowledge, three studies have been conducted us-
ing the database (Castorena et al., 2024a). A maximum F1 of 0.65
was reached using YOLOv5s with Mel spectrogram input (Castorena
et al., 2024a). The performance of several 2D deep learning classifica-
tion methods on this database was evaluated, and by making some mod-
ifications and adjusting network parameters, an F1 score of 0.68 was
achieved (Castorena et al., 2025). Further improvements were achieved
by using a newer version of YOLOv5s and incorporating additional pro-
cessing techniques, such as dynamic quantisation, resulting in a maxi-
mum F1 score of 0.81 (Castorena et al., 2024b). Given its shorter fea-
ture length and simpler structure, the proposed method is computation-
ally lighter than existing 2D approaches. The post-processing step in-
troduced in Section 5.5 yields substantial gains in both AED and AEC
performance without imposing a notable computational burden. As re-
ported in Table 7, the AED stage reaches F1 = 0.97 on the test set after
post-processing, up from 0.79 before post-processing. For the AEC stage,
Table 8 shows that the minimum F1 across all four horn classes rises
from 0.82 to 0.96 after post-processing. These results represent an im-
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Fig. 16. Efficiency of proposed AEC systems in the Truck class: A - VGGish, B - YAMNet, C - Log-Mel spectrogram, and D - VGGish + YAMNet + Mel.
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Fig. 17. Efficiency of proposed AEC based on VGGish feature after data augmentation: (A) Boat class and (B) Car class.

provement of more than 15% over the best previously reported F1 score
of 0.81 on this database (Castorena et al., 2024b), while using a simpler
classification architecture. Table 11 summarises the comparison.

5.10. Computational load and real-time deployment feasibility
Practical implementation in automotive environments requires

analysing computational requirements in relation to embedded pro-
cessor capabilities. The proposed hierarchical architecture introduces

computational costs at three stages: feature extraction, classification,
and post-processing. The largest computational burden of the proposed
method is in the VGGish feature extraction block. The remaining blocks
consume less memory and place a lower computational load than VG-
Gish. A log-spectrogram is also extracted using VGGish, which is used in
the AED step. VGGish feature extraction, detailed in Section 3.2, repre-
sents the primary computational cost. In total, approximately 72 mil-
lion operations are performed in each VGGish process. Additionally,
other computational costs include SVM classifications (dependent on
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Table 11

Comparison with previous methods on the same database.
Method Feature Classifier Best F1
Castorena et al. (2024a) Mel spectrogram CRNN / YOLOv5s 0.65
Castorena et al. (2025) Mel spectrogram 2D DL methods 0.68
Castorena et al. (2024b) Mel spectrogram YOLOV5s + quantization  0.81
Proposed (before post-proc.) ~ VGGish + mRMR  SVM (RBF) 0.82
Proposed (after post-proc.) VGGish + mRMR  SVM (RBF) + BPDF 0.96

the number of support vectors) and binomial post-processing, both of
which are negligible. Considering a time step of 0.1 seconds and a 128-
dimensional response, and assuming that the post-processing block has
sufficient previous samples, in the worst case, the suggested AEDC sys-
tem can be deployed in real time on a processor with a 1 GHz clock
frequency. To put this computational load in perspective, AST contains
87 million trainable parameters across 12 Transformer encoder layers
and requires GPU acceleration for both training and inference (Gong
et al., 2021).

In contrast, the proposed pipeline needs only the 72 million operations
described above and runs on a standard embedded processor without
any GPU. For the AEC step, the VGGish feature extractor produces a
compact 128-dimensional embedding per 0.975 s window, and after
mRMR reduces this to 80 dimensions, the SVM classifier adds a neg-
ligible overhead. The total parameter footprint of the inference pipeline
remains orders of magnitude below that of AST, since VGGish and YAM-
Net serve only as frozen feature extractors, and the final classifiers (SVM
for AEC, Bagging for AED) carry far fewer tunable weights than a full
Transformer encoder stack. This design choice reflects the core goal of
this work: to build a system that can operate within the strict power
and latency constraints of automotive embedded platforms, rather than
to achieve the highest possible accuracy on large-scale general-purpose
benchmarks. One practical consideration for deployment is the buffer-
ing latency introduced by the 0.975 s analysis window required by VG-
Gish and YAMNet. Since both networks expect a fixed-duration input of
approximately one second, the system must collect this amount of au-
dio before it can produce a classification output. When combined with
the inference time of roughly 72 ms on a 1 GHz processor, the total
response delay from the onset of a horn event to the system output is
approximately 1.05 s. It is worth noting that horn detection in an au-
tomotive setting serves as a driver awareness function rather than an
emergency collision avoidance action. Collision avoidance systems such
as autonomous emergency braking operate on much tighter time bud-
gets, typically under 200 ms.

However, advisory alerts that inform the driver about the surrounding
acoustic environment can tolerate longer response windows. A delay of
roughly 1 second is consistent with the reaction time range that drivers
themselves need to perceive and respond to external warnings, which
various driving behaviour studies place between 0.7 and 2.5 seconds,
depending on the complexity of the traffic situation. Furthermore, the
AED step can also operate with the Log-Mel features at shorter window
lengths, as shown in Table 6 for durations of 100 to 900 ms. This means
that a first-stage detection flag can be raised earlier, and the full classifi-
cation using VGGish and SVM can proceed in the next analysis window
to confirm the horn type. Such a two-pass approach would reduce the
perceived latency of the initial alert while still providing the detailed
classification output shortly after. One further point that affects how
the system is understood from a deployment perspective is the role of
mRMR in the inference pipeline.

The mRMR algorithm described in Section 3.6 runs only once during the
training phase. It takes the full set of 128 VGGish embedding dimensions
across the training data, ranks them by their balance of relevance to the
target classes and redundancy among themselves, and produces a fixed,
ordered list of the top 80 features. This computation took under 10 sec-
onds on a standard desktop machine with an Intel i7 processor and 16 GB
of RAM, because the mutual information calculations involved a 128-
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column matrix over the training samples and nothing more. Once the
ranking is complete, the selected 80 feature indices are stored as a sim-
ple lookup list. At inference time, when a new audio frame arrives, and
VGGish produces its 128-dimensional embedding, the system extracts
the 80 pre-selected dimensions by index and passes them directly to the
SVM classifier. No mRMR computation takes place during inference at
all.

The additional cost of this extraction step is negligible, amounting to a
single array indexing operation that adds no measurable latency to the
pipeline. In practice, mRMR is a design-time tool that improves classi-
fier performance by removing noise from the feature space and leaving
no computational footprint on the deployed system. Regarding storage,
the lookup list of 80 integer indices takes up only a few hundred bytes,
which is negligible on any automotive embedded processor. In settings
where memory is very tight, the VGGish model weights, which occupy
roughly 275MB, are the dominant cost by far. Any platform that can
load and run VGGish inference will have enough memory to store the
mRMR index list alongside it, so the lookup approach does not introduce
any meaningful memory constraint in practice.

5.11. Practical implications and limitations

The proposed AEDC hierarchical framework offers several practical
benefits for driving safety, but it also has limitations that affect real-
world applications. The main practical advantages include:

e The proposed horn detection system can recognise warning signals

from other vehicles in real time, helping to prevent accidents in smart

cars;

Because it utilises Log-Mel spectrograms and VGGish, the system per-

forms well even in noisy city environments, providing drivers with

better awareness of their surroundings;

Adding the proposed AEDC module to existing ADAS enhances

safety, especially when visibility is poor due to fog, at night, or when

the view is blocked;

¢ It offers a more cost-effective alternative to camera-based ADAS sys-
tems.

However, there are several limitations:

The proposed system may not work as well in places with many over-
lapping sounds, like construction areas or heavy traffic, where horn
signals get mixed up with other noises or become distorted;

e Some regions utilise horns for other applications, so the model may
need to be adjusted for specific areas to function properly every-
where;

Running the system in real time requires optimising the model and
the hardware;

e The system requires a relatively clean acoustic signal to function
properly, so the placement of the microphone and the method used
to filter out background noise are crucial;

Sounds that are not horns but have similar frequency patterns could
trigger false alarms, so the feature extraction and classification need
fine-tuning.

6. Conclusion

This study presents a cost-effective and efficient AEDC approach for
horn signals in driving scenarios. The proposed method includes two
AED and AEC steps in a hierarchical structure. In the AED step, the Log-
Mel spectrogram feature with a Bag-type Ensemble learning showed the
best result. In the AEC step, VGGish features, which are efficient and
well established for acoustic signals, are used to classify the horn type.
The AEC step classifiers were a set of SVMs with the RBF kernel. Finally,
in both AEC and AED steps, a post-processing block based on BPDF was
used to correct possible errors in the output. The parameters of the pro-
posed system, both in feature extraction and classification, have been
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optimised through a series of simulations to maximise performance. In
the AEC step, the mRMR feature selection scheme was employed to re-
duce the input feature dimension and eliminate redundant features. VG-
Gish and Log-Mel spectrogram methods, which can be implemented at
very high speeds and do not require task-specific training on the tar-
get dataset, are among the proposed method’s strengths. Additionally,
having four parallel classifiers enables the AEDC system to detect horn
signals simultaneously from multiple sources, which is particularly im-
portant in practical scenarios. Simulation results show that the proposed
approach achieves F1 = 0.97 in the AED step and a minimum F1 = 0.96
across all horn classes in the AEC step after post-processing, represent-
ing an improvement of more than 15% over the latest approaches on
the same database while reducing classifier complexity.

Given the importance of driver and passenger safety and security in ve-
hicles, as well as the need to pay attention to environmental sounds
in cities and on roads, having an intelligent system like the proposed
method, which can detect horn signals and reduce driver distraction, is
crucial. Additionally, the proposed AEDC system can be used in smart
vehicles to help prevent accidents. Future research directions encom-
pass three primary themes: robustness enhancement, multi-modal in-
tegration, and extended acoustic scene understanding. First, sensitiv-
ity analysis under diverse environmental noise conditions requires field
testing. The impact of acoustically similar signals, such as emergency
vehicle sirens, on classification specificity warrants systematic evalua-
tion. Second, integration of the proposed AEDC system with ADAS could
improve detection reliability and situational awareness. Third, acoustic
scene understanding and classification, which consider the auditory en-
vironment, enhance the efficiency of the horn detection system.
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