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The safety of drivers has become increasingly important in today’s rapidly evolving transportation landscape, 
especially with the rise of autonomous and smart vehicles. This paper proposes a safety-oriented framework for 
sound event detection in smart vehicles using deep learning models. The goal of this framework is to increase 
driver awareness, prevent accidents, and provide acoustic forensic analysis. To achieve this, a meaningful 
taxonomy of event classes in a driving scenario is introduced, taking into account the event classes that are 
known to be related to major driving distractors. Based on this taxonomy, a dataset has been created to train and 
evaluate a fully-convolutional sound event detection model that was inspired by the well-known YOLO vision 
model. Experimental results demonstrated that the proposed model offers competitive results, outperforming a 
state-of-the-art baseline using recurrent connections. This comprehensive framework for sound event detection 
in smart vehicles aligns with the recommended directions for future mobility scenarios and has the potential to 
significantly improve the safety and performance of smart vehicles.
1. Introduction

Road safety is of paramount importance in the contemporary world 
and constitutes a fundamental aspect of the sustainable development 
goals (SDGs) [1]. The SDGs establish ambitious objectives, such as Tar-

get 3.6, which endeavors to reduce by half the number of fatalities and 
injuries resulting from traffic accidents on a global scale. Moreover, Tar-

get 11.2 specifically aims to enhance measures pertaining to road safety. 
Although there has been a decline in the occurrence of car accidents, it 
is worth noting that they continue to rank as the eighth leading cause of 
death worldwide, comprising 2.5% of all fatalities [2]. Nonetheless, it is 
imperative to acknowledge that many of these accidents can be averted 
through the implementation of appropriate road safety practices.

In response to these challenges, researchers have increasingly ex-

plored the application of deep neural networks for accident prevention. 
For instance, the latest generation of autonomous vehicles leverages 
multiple sensors to make critical decisions, such as braking or steering 
wheel control [3]. Eye tracking technology has also been employed to 
detect instances when a driver is not paying adequate attention to the 
road [4]. Furthermore, generative networks have been utilized to miti-

gate the impact of fog in camera systems used for assisted driving [5]. 
Works such as [6] focus on accident prevention by detecting stress pat-

terns in drivers and in the case of [7] it mixes different techniques such 
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as object detection, tracking and distance measurement in order to pro-

vide information and prevent accidents. Additionally, there have been 
significant advancements in employing convolutional neural networks 
(CNNs) for image processing to detect distractions and activities that 
pose potential risks [8–10]. A recent review on learning-based traffic 
accident prediction models based on heterogeneous data sources can be 
found in [11].

Distractions can be categorized as external or internal stimuli that 
divert an individual’s attention from the primary task or activity at 
hand. Within the realm of road safety, distractions encompass any fac-

tors that cause a driver to shift their focus away from driving, thereby 
potentially heightening the risk of accidents or compromising their 
capacity to respond to hazards in a timely manner. Distractions may 
manifest in diverse forms, including visual distractions (e.g. attractive 
scenery), auditory distractions (e.g. phone calls), cognitive distractions 
(e.g. emotional conversations), and physical distractions (e.g. adjusting 
in-car controls). Such distractions can substantially impede a driver’s 
capability to perceive, process, and react to vital information during 
the operation of a vehicle.

Extensive literature highlights the mobile phone as a primary source 
of distraction during driving [12–15]. Whether it involves making 
phone calls or sending and receiving text messages, the use of mobile 
phones significantly elevates the risk of accidents, with studies indicat-
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ing a 23-fold increase in the likelihood of mishaps [2,15]. Despite legal 
restrictions on mobile phone use while driving in approximately 150 
countries [2], research conducted by Prat et al. [14] in Girona (Cat-

alonia, Spain) reveals that approximately 40% of individuals in the 
region admit to using their mobile phones while driving, particularly 
among young people. Another crucial factor discussed in various stud-

ies is the presence of passengers [16–20]. Interacting with passengers, 
whether through conversations or attending to the needs of children or 
pets, is widely recognized by multiple authors as a significant source of 
distraction. Unlike mobile phone use, this aspect is not subjected to spe-

cific regulations and represents the most prevalent practice that can be 
deemed distracting while driving.

In addition to the aforementioned distractions, weather conditions 
and their interaction with the vehicle can create hazardous situations. 
While not considered a distraction in itself, weather significantly influ-

ences and escalates the risk of accidents. Cai et al. [21] highlight that 
the United States alone reports over one million weather-related acci-

dents, with China documenting more than fifty thousand such incidents. 
While most studies on distraction detection primarily concentrate on vi-

sual cues, certain events are not easily discernible through visual means. 
For instance, situations like a ringing mobile phone or specific speech 
interactions among passengers may not be readily detectable through 
visual analysis alone. Consequently, the utilization of algorithms that 
leverage audio as input can aid in enhancing the detection of these dis-

tractions.

Sound event detection (SED) has emerged as a highly significant 
research domain with immense potential for integration into driving 
safety assistance systems. SED involves not only identifying the specific 
type of event occurring in an audio track but also accurately detect-

ing the temporal occurrence of these events. The ability to recognize 
and classify sound events in real-time can greatly enhance driver safety 
by providing valuable information about the surrounding environment 
and potential hazards. Over the past decade, SED has gained substan-

tial attention and experienced remarkable advancements. The ability to 
automatically recognize and classify a wide range of sound events in dif-

ferent contexts has implications for numerous domains, including public 
safety, smart cities, and human-computer interaction. Researchers have 
explored various scenarios, including domestic environments [22], ur-

ban environments [23], and more, each presenting unique challenges 
related to environmental acoustics and event characteristics. This re-

search area has witnessed notable progress, particularly through the 
utilization of advanced deep learning techniques.

In this study, our primary focus is on investigating the detection 
of sound events for the purpose of identifying distractions, employing 
state-of-the-art SED models. The work makes several significant con-

tributions. Firstly, we establish a taxonomy of common sounds that 
may be present in a driving scenario. The objective of this taxonomy 
is to define a comprehensive set of sound classes that are highly rel-

evant to driving activities, with an emphasis on identifying potential 
distractors based on existing literature. Secondly, we introduce an open 
audio dataset specifically curated to train and evaluate SED systems 
within driving environments. The dataset is constructed based on the 
established taxonomy and encompasses a wide range of driving sounds 
extracted from multiple sources, simulating in-vehicle audio recordings. 
This comprehensive dataset enables the robust training and evaluation 
of SED models for driving safety applications. Lastly, we propose and 
assess the effectiveness of integrating the YOLO (You Only Look Once) 
architecture [24] into a SED-oriented assistance system. By leveraging 
the renowned YOLO framework, known for its efficiency and accuracy 
in object detection tasks, we aim to develop a fully-convolutional model 
seamlessly integrable into real-time driving safety systems, just like its 
vision counterpart. Through these contributions, our study aims to ad-

vance the field of SED in the context of driver safety, with the ultimate 
goal of enhancing awareness and reducing distractions for improved 
2

road safety.
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Fig. 1. Driver exposed both to internal (e.g. ring tone) and external sounds.

The remaining sections of this paper are organized as follows. Sec-

tion 2 explains and deepens the proposed taxonomy. Section 3 provides 
an overview of the data used in our study, including its description, 
acquisition process, labeling methodology, and processing techniques. 
Section 4 explores state-of-the-art methodologies for identifying sound 
events, with a focus on the application of YOLO as an effective strat-

egy for SED. Section 5 introduces various metrics used to evaluate the 
performance of our proposed approach. Section 6 discusses the main 
findings of our study, analyzing the synthetic and real data separately to 
provide a comprehensive understanding of our approach’s effectiveness 
and establishing a starting point for future research. Finally, Section 7

key outcomes of our research, highlights their implications for driver 
safety, and discusses potential directions for future studies in this field.

2. Taxonomy for driving sounds

In this section, we present a taxonomy for driving sounds, focusing 
on its significance in understanding the acoustic environment encoun-

tered during driving scenarios. The taxonomy aims to categorize and 
organize a wide range of sounds that may occur while driving, provid-

ing a comprehensive framework for analyzing and characterizing the 
auditory landscape within and around vehicles. By establishing this tax-

onomy, we aim to enhance our understanding of the acoustic aspects of 
driving, which has implications for various areas such as driver comfort, 
safety, and in-vehicle audio system design.

Driving sounds encompass a diverse set of auditory events that 
drivers are exposed to while operating a vehicle. These sounds can 
originate from both internal sources within the vehicle, such as vehi-

cle components, devices, and human interactions, as well as external 
sources like traffic, road conditions, and environmental factors (see 
Fig. 1). Understanding the nature and impact of these sounds is cru-

cial for creating pleasant and safe driving environments.

The taxonomy for driving sounds serves several important purposes. 
Firstly, it provides a structured framework for identifying, classifying, 
and categorizing different types of sounds encountered during driving. 
By organizing these sounds into meaningful classes and subclasses, the 
taxonomy enables a systematic analysis of their characteristics, sources, 
and potential effects on drivers. Secondly, the taxonomy facilitates the 
creation of labeled datasets for training and evaluating audio process-

ing algorithms and systems related to driving. Accurate annotation of 
audio recordings with the corresponding classes and subclasses defined 
in the taxonomy enables the development of robust and reliable models 
capable of detecting and recognizing specific driving sounds. Further-

more, the taxonomy promotes effective communication and collabo-
ration among researchers, practitioners, and stakeholders in the field 
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of automotive acoustics. With a common language and classification 
scheme provided by the taxonomy, discussions on driving sounds be-

come more precise, allowing for the exchange of ideas, comparison of 
research findings, and benchmarking of audio processing techniques.

To ensure the validity and usefulness of the taxonomy for studying 
driving sounds, we have considered several factors during its devel-

opment. Firstly, the taxonomy builds upon prior research and existing 
taxonomies to leverage existing knowledge and provide a comprehen-

sive understanding of the acoustic environment in driving scenarios. 
This ensures a coherent and consistent framework that aligns with the 
existing body of literature [23,25,26]. Secondly, the taxonomy aims to 
capture the variety of sounds encountered during driving by incorpo-

rating multiple levels of classification. From the general location of the 
sound (inside or outside the vehicle) to the primary source of the sound 
(e.g., vehicle components, human interactions, environmental factors), 
and further to the specific event or sound produced, the taxonomy en-

ables a hierarchical organization of driving sounds. Lastly, while the 
taxonomy covers a wide range of driving sounds, we specifically iden-

tify and highlight audio distractors within the taxonomy. These audio 
distractors are sounds that have the potential to divert driver attention 
and may pose safety risks. By identifying and analyzing these audio 
distractors within the taxonomy, we can gain insights into their charac-

teristics, impacts, and potential countermeasures.

The subsequent subsections will provide a detailed description of 
the taxonomy, including the hierarchical structure, subclasses, and spe-

cific events encompassed within each level. This taxonomy will serve 
as a foundation for studying the acoustic aspects of driving and further 
exploration of audio distractors within the driving sounds framework.

2.1. Level hierarchy

The Location Level includes two main classes: Inside and Outside. 
Both classes lead to the next Source Level, representing the origin of 
subsequent classes. The Inside class represents sounds generated within 
the vehicle, including sources such as the vehicle itself, devices, people, 
and pets. These sounds directly affect the driver and occupants of the 
vehicle. On the other hand, the Outside class comprises sounds originat-

ing from external sources, including other vehicles, weather conditions, 
roads, and the surrounding environment. These sounds provide con-

textual information about the driving environment and may indirectly 
impact the driver’s experience.

The Specific Source Level and the Event Level further categorize and 
provide a detailed understanding of the different sources of sounds en-

countered during driving scenarios. Building upon the Source Level, this 
hierarchical structure delves into the specific sources and events associ-

ated with the Inside and Outside classes.

2.2. Inside sounds

Under the “Car” source, we have “Car Elements”, which includes ig-

nition, engine, door, window, and wiper sounds, providing insights into 
various aspects of the vehicle’s mechanical operations. “Alerts” rep-

resent warning beeps that may serve as auditory cues for the driver. 
Additionally, the “Audio System” involves a range of sounds such as 
music, ring tones, notifications, and speech, which can be emitted by 
the car’s audio system or connected devices. The “Devices” source fo-

cuses on sounds related to electronic devices present in the vehicle. 
The “Audio System” subclass includes sounds like music, ring tones, 
notifications, and speech, which can originate from the vehicle’s au-

dio system or connected devices. The “Phone” subclass covers specific 
events such as ring tones, vibrating alerts, notifications, and speech 
that are directly associated with the phone itself. The “People” source 
captures sounds originating from human occupants in the vehicle. Inter-

actions involve speech, representing conversations and communication 
3

among individuals. “Emotions” encompass a range of expressions like 
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laughter, scream, sing, yell, and cry. “Physiological” events include non-

verbal sounds like sneezing, coughing, and yawning, while “Activities” 
cover actions such as manipulating objects and drinking. “Pets”, as a 
source, includes sounds produced by accompanying animals, such as 
dogs and cats, which can add to the acoustic environment within the ve-

hicle. Lastly, the “Other” source focuses on the occurrence of knocking 
sounds, which may arise from various sources like hits and microphone 
noise.

2.3. Outside sounds

The Outside class encompasses a range of sources and events en-

countered outside the vehicle during driving scenarios. Under the “Ve-

hicles” source, we have “Accidents”, which include crash and drift 
events, providing insights into collisions and loss of vehicle control. 
“Passing” represents events associated with the presence of other vehi-

cles, such as airplanes, helicopters, cars, trucks, trains, and motorcycles 
passing by. “Horns” capture different horn sounds, including those from 
boats, cars, trucks, and trains. “Sirens” encompass emergency vehicle 
sirens, including police, ambulance, and firefighters.

The “Atmospheric” source focuses on sounds related to various 
weather conditions. Weather events include thunder, rain, and hail, pro-

viding an understanding of the auditory environment during different 
weather patterns. The “Roads” source highlights sounds associated with 
different road surfaces. “Surfaces” encompass pavement, stone, and dirt, 
capturing the variations in the acoustic characteristics of the road itself. 
The “Environment” source provides a broader category that encom-

passes the overall acoustic environment outside the vehicle. It includes 
subcategories such as Urban Sound, Field, and Highway, which may 
connect to other existing taxonomies that specifically address sound 
events in those environments, like the Urban Sound taxonomy [23]. The 
Urban Sound taxonomy focuses on categorizing various sound events 
that are commonly encountered in urban settings, such as sounds from 
street traffic, construction sites, public transportation, and human ac-

tivities. By linking to the Urban Sound taxonomy, the Driving Sounds 
taxonomy recognizes the importance of urban sound events and their 
potential impact on driver safety.

2.4. Auditory distractors

In the context of SED for driving safety, it is crucial to identify and 
prioritize auditory distractors that can significantly impact a driver’s 
attention and pose risks on the road. The selection of these distractor 
classes has been informed by existing literature and previous work in 
the field [14,16,27–30]. While there are various factors that can divert 
a driver’s attention, we specifically focus on auditory distractors in this 
discussion.

Within the taxonomy for Driving Sounds, the identified distractor 
classes can be found at both the Event Level and the Specific Source 
Level. The goal is to prioritize classes that are directly relevant to SED 
systems for driving safety, considering the specific requirements and 
objectives of such systems. In selecting these specific classes as audi-

tory distractors, we prioritize their relevance to SED systems for driving 
safety rather than focusing on distinguishing between subclasses that 
may have minimal impact on driver attention. For example, while it 
may not be crucial to differentiate between specific types of pets or 
the exact source of horn sounds, it is essential to detect and recog-

nize events such as specific interactions with a mobile phone device 
(which is widely recognized as a major source of distraction). The list 
of selected classes widely recognized as auditory distractors and of in-

terest for a potential SED-based system is: Ring Tone (Phone/Audio 
System), Vibrating, Notification (Phone/Audio System) [12–15],

Speech (Occupants/Audio System/Phone) [16,17,19,20], Baby Cry
[31,27], Physiological [28,32], Pets [33,34,28], Horns [29] and

Sirens [30]. Parentheses indicate that some event classes may be re-
produced by two different specific sound sources inside the vehicle, 
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Fig. 2. Driving Sounds taxonomy with specific event sources as references. Selected auditory distractors are highlighted in orange.
which is an important aspect in the development of the dataset that 
will be described next. Therefore, in the forthcoming experimental sec-

tions of the present work, we focus on 𝐶 = 9 distinct classes of interest, 
highlighted in orange in Fig. 2.

In considering the expansion of our dataset, we recognize the valu-

able input that medical experts in neurology, cognitive psychology, as 
well as professors or experts in the field of driving safety, can provide. 
By involving these specialists, we can gain a deeper understanding of 
which sounds may have a more pronounced impact on cognitive pro-

cesses and driver behavior. Incorporating this broader perspective will 
contribute to a more holistic understanding of auditory distractors in 
driving scenarios.

3. Dataset

The dataset used in this study has been specifically designed to facili-

tate the training and evaluation of SED systems in the context of driving 
safety. The primary objective of this dataset is to enable the identifica-

tion of auditory distractors, which have been identified as significant 
factors impacting driver attention and posing risks on the road. While 
the comprehensive taxonomy presented earlier encompasses all audible 
events usually encountered in driving scenarios, the focus of this dataset 
is on the auditory distractors highlighted in Fig. 2, as acknowledged in 
previous literature [14,16,27–30]. However, it is important to note that 
the dataset also includes instances of all the other events present in the 
taxonomy to capture the multifaceted soundscape encountered during 
driving.

The synthetic dataset was meticulously created to simulate various 
4

sound events and their combinations, effectively replicating potential 
distractions encountered in driving scenarios. Isolated sound events 
(both real and synthetic) were gathered and randomly combined to cre-

ate 10-second audio mixtures, offering a diverse range of audio samples 
for training and evaluation purposes. The isolated audio files used in 
the creation of the synthetic dataset originate from various sources with 
unrestricted usage rights. Specifically, these sources are: Musical genre 
classification of audio signals [35], UrbanSound [23], Audio Set [36], 
Old phone ringtones as midi [37], ASR-CabNois [38], Freesound [39], 
A singing voice [40], DCASE 2020 Task 4 dataset [41], and A cry cor-

pus features dataset [42]. Detailed information regarding the origins of 
each type of event can be found in the accompanying Fig. 2, providing 
a comprehensive reference list.

The collected data underwent a thorough manual review process to 
ensure authenticity. This involved verifying the existence of the men-

tioned events and ensuring a uniform quality of the isolated audio 
samples. Recordings with excessive noise were eliminated, and pre-

cise trimming was performed to remove sections devoid of the targeted 
events. To create the synthetic dataset, Scaper [43] was employed, en-

abling automated creation of the audio mixtures with precise timing of 
event insertions. Augmentation techniques such as time stretch or pitch 
shifting were also utilized to enhance diversity and help generalization.

All the generated mixtures in the dataset contain background noise 
extracted from real recordings in vehicles [38,39]. The procedure 
included the random extraction of noise excerpts from the original 
sources, potentially representing different vehicles and road surfaces. 
Events were then positioned by Scaper, employing random gains within 
a specified signal-to-noise ratio (SNR) range of [-20, -10]. This range 
was chosen to achieve a well-balanced relationship between noise and 

events, taking into account the loudness considerations inherent in the 
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Table 1

Number of original isolated events considered and final number of event oc-

currences in all audio files along with total number of labeled (distractors) and 
unlabeled (other) events. Both isolated and in-audio events in the train, valida-

tion and test sets follow the same proportion as with the number of audio files 
the same proportion as audio files (∼ 80-10-10%).

label isolated events dataset 
appearances

class event

RingTone 399 2835

Vibrating 50 2988

Notifications 50 2862

Speech 266 3020

Cry 545 2950

Physiological Sneeze 170 53 8639 2882

Yawn 51 2861

Cough 66 2896

Pets Dog 470 295 5843 2986

Cat 175 2857

Horns BoatHorn 382 50 11693 2922

TruckHorn 50 3004

TrainHorn 50 2801

CarHorn 232 2966

Siren Police 150 50 8858 2957

Ambulance 50 2991

Firefighters 50 2910

Total no. of distractors 2482 49688

Other event types 5202 16597

Total 7684 66285

Scaper processing. Additionally, real-world impulse responses measured 
within vehicles were employed to simulate in-car events with higher 
realism, for example, simulating speech coming either from the car’s 
audio system or from the occupants. The employed impulse responses 
correspond to the acoustic paths from a standard car speaker set to 
4 different microphone positions within a car-cabin. The microphones 
(Schoeps CMC-5 stereo pairs with MK5 capsules in an omnidirectional 
configuration) were placed in the central part of the car at headrest 
height. The measurement procedure was standard, using sine sweeps 
as excitation signals. They can be freely downloaded from [44]. Utiliz-

ing the synthetic dataset as the primary data source for training deep 
learning models offers several advantages. It eliminates the need for 
labor-intensive manual annotation, as the events and their combina-

tions are automatically generated and labeled. Moreover, synthetic data 
can be extensively leveraged in the training phase, providing a large and 
diverse set of labeled audio samples.

The synthetic dataset comprises 19,000 audio files, each with a du-

ration of 10 seconds, resulting in a approximate total duration of 53 
hours. Out of these files, 15,000 are allocated for training purposes, 
while the remaining ones were split up and set aside for validation and 
testing, each of size 2000. To ensure independence in the evaluation 
process, isolated events from each type were split also in the same pro-

portion as audio files (roughly 80-10-10%) in such a way that there is 
no overlap of isolated data between the training, validation and testing 
subsets. The generated audio mixtures for all three sets were carefully 
constructed to approximately balance the occurrences of each type of 
event. This means that classes as Horns can be up to 4 times more 
populated as single-event classes as Cry. The exact number of isolated 
events per event type/class and the final number of occurrences along 
the dataset is shown in Table 1.

The three subsets presented in this study are accompanied by their 
respective hard labels. These labels indicate the presence of specific 
events within an audio and provide information about the event’s class, 
beginning, and end timestamps. The event class designations align with 
the Event Level as outlined in the taxonomy. This standardized informa-

tion not only serves the specific purpose of detecting distractors in this 
study but can also be utilized across various other problem domains. 
5

To ensure standardization, a consolidated approach was adopted, sim-
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ilar to other related problems, where tags are provided within a single 
text file. This file presents a comprehensive list of hard labels for all 
audio files, including essential information such as the audio’s name, 
event type, and onset and offset timestamps for each event. This offers 
flexibility as the provided information can be used to generate differ-

ent hard labeling formats to suit specific models or frameworks. While 
the dataset primarily includes hard labels, it is worth noting that weak 
labels, indicating only the presence or absence of an event within an 
audio, can be inferred if required.

The dataset is openly accessible through https://www .kaggle .
com /datasets /ccastorena /sound -event -detection -for -driver -safety. Re-

searchers and practitioners can utilize this data by simply citing this 
work as the source.

4. SED models

SED is a crucial audio processing task that aims to automatically rec-

ognize and classify various sound events while accurately determining 
their temporal locations. SED plays a vital role in a wide range of appli-

cations, including security systems, human activity analysis, and envi-

ronmental monitoring. Deep learning neural networks have emerged as 
a powerful approach for tackling this task effectively. In this section, we 
discuss two relevant methods commonly applied in SED, particularly in 
environments similar to the one proposed in this work. Additionally, we 
explore the utilization of a YOLO-based strategy for the SED task.

4.1. CRNN model

Convolutional recurrent neural network (CRNN) models are known 
to be a powerful architecture commonly used in SED [22,45,46]. In a 
CRNN model, the convolutional layers play a crucial role in extracting 
meaningful features from the input spectrogram. These layers apply a 
set of learnable filters to the spectrogram, identifying relevant patterns 
and structures that may represent different sound events. The output 
of the convolutional layers is a feature map that preserves the time-

frequency relationships of the input spectrogram. The recurrent layers 
in the CRNN model process the temporal sequence of feature activa-

tions obtained from the convolutional layers. This allows the model to 
capture the temporal dependencies and context present in audio sig-

nals. By incorporating recurrent connections, such as long short-term 
memory (LSTM) or gated recurrent unit (GRU), the CRNN model can 
effectively model long-term dependencies and capture the temporal dy-

namics of sound events. Finally, dense layers are typically employed 
as classifiers, taking the output from the recurrent layers and mapping 
it to class probabilities, indicating the likelihood of each sound event 
class. The CRNN model has emerged as one of the most widely utilized 
architectures in the SED field. It has been extensively employed as a 
baseline in numerous studies and benchmarking initiatives, including 
the Detection and Classification of Acoustic Scenes and Events (DCASE) 
Challenges [47,48,22,49,50]. The popularity of the CRNN model in the 
SED literature underscores its effectiveness and robustness in addressing 
the complex task of recognizing and classifying sound events in various 
acoustic environments.

In our study, we will focus on reproducing the baseline architec-

ture [49] of the DCASE 2021-2023 edition, considering the specific 
variations that exist within this model when applied to application-

specific problems. Increasing the number of convolutional or recurrent 
layers and their sizes would lead to a more powerful predictor but 
with more overfitting problems. While decreasing them will produce an 
easier to train but perhaps too simplistic predictor. We opted to main-

tain the original DCASE 2023 CRNN baseline configuration to facilitate 
standardized comparisons within the well established and recognized 
DCASE framework. Our aim is to provide a comprehensive analysis of 
the CRNN model’s capabilities and limitations within the context of syn-
thetic data for SED in a driving scenario.

https://www.kaggle.com/datasets/ccastorena/sound-event-detection-for-driver-safety
https://www.kaggle.com/datasets/ccastorena/sound-event-detection-for-driver-safety
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Fig. 3. CRNN model architecture. Brackets indicate input/output dimensions.

4.1.1. Architecture

Fig. 3 describes the architecture and output shapes of the complete 
CRNN model. The model consists of several convolutional blocks, each 
comprising a 2D convolutional layer with a kernel size of 3 × 3. The 
number of filters for each block is as follows: 16, 32, 64, 128, 128, 128, 
128. Additionally, each block includes batch normalization, GLU activa-

tion function and pooling operations with specific dimensions of 2 × 2, 
2 × 2, 1 × 2, 1 × 2, 1 × 2, 1 × 2, respectively. The initial input undergoes 
these pooling operations, resulting in a reduction of its time dimension 
by a factor of 4 and its frequency dimension by a factor of 128. Conse-

quently, the output shape of the convolutional section becomes [𝐵, 128, 
156, 1], where 𝐵 denotes the mini-batch size. To ensure compatibility 
with the input of the bidirectional recurrent layers, the dimensions of 
filters and time are transposed, and the excess dimension is eliminated. 
The bidirectional GRU layer produces an output shape of [𝐵, 156, 256], 
with 128 hidden units for one direction and 128 for the other. Finally, 
the dense layer generates the final output, consisting of 156 frames and 
𝐶 different event activations.

The input to the CRNN model is a Mel spectrogram representation 
of the audio mixtures in the dataset. The Mel spectrum is computed us-

ing 128 Mel bands, a window length and FFT size of 2048 points, a 
Hamming windowing function, and a hop size of 256. With a sampling 
rate of 16,000 Hz, the Mel spectrogram covers frequencies from 0 Hz to 
8,000 Hz, providing a comprehensive representation of the audio’s fre-

quency content across different time frames and Mel frequency bands. 
This spectrogram, with dimensions of 626 frames, 128 Mel bands, and 
one channel, serves as the input for the CRNN model. Regarding the la-

beling, the CRNN model employs a frame-by-frame hard label format, 
where time is segmented into discrete frames. Each frame is assigned a 
value to indicate the presence or absence of an event, with a value of 1 
for frames containing the event and 0 for inactive frames. This labeling 
format results in a matrix with dimensions corresponding to the num-

ber of frames and the number of distinct events to be detected. In this 
case, the model’s output requires 156 frames to align with the selec-

tion of 9 events. Alongisde the hard labels, weak tags are automatically 
derived by identifying presence or absence of a given event.

During the training process, the CRNN model undergoes several 
important steps to optimize its performance. The training data is aug-

mented using the mix-up technique. Mix-up is a data augmentation 
technique widely used in machine listening and computer vision [51]. It 
combines two random training examples by linearly interpolating both 
data (spectrograms) and labels, creating synthetic samples. This aug-

mentation strategy helps increase the diversity of the training samples, 
preventing overfitting. Additional augmentation techniques based on 
mosaicing (introduced in Section 4.2), were applied in conjunction with 
the mix-up technique for comprehensive and fair evaluation. However, 
none of the combined augmentation strategies yielded improved results 
compared to using mix-up alone, which is the only option reported for 
the CRNN architecture in this paper.

The model is trained for 200 epochs, employing a mini-batch size of 
48 and utilizing the Adam optimizer. It initiated with a learning rate of 
0.001 and incorporated exponential warmup [52]. The selection process 
involved identifying the model that exhibited the highest performance 
6

on the validation set. The optimization considers three distinct types of 
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errors. Firstly, the hard error is computed to evaluate the event classifi-

cation accuracy. This is achieved by comparing the model’s predictions 
with the hard labels using the binary cross-entropy (BCE) error met-

ric. The hard error provides insights into how accurately the model 
can detect different audio events. Secondly, the weak error is calcu-

lated by generating a unique prediction vector for all output frames 
that gets activated (for each class) with the presence of the correspond-

ing class at any output frame. This error metric also utilizes the BCE loss 
function and enables the model to learn to detect events even in cases 
where their precise temporal locations are not provided. The weak er-

ror evaluation helps evaluate the model’s ability to detect and identify 
relevant events in a more general sense. Lastly, the consistency error is 
utilized specifically for unlabeled data. This error metric quantifies the 
mean square error (MSE) between the predictions of the network (Stu-

dent) and a copy of itself (Teacher) that is updated using an exponential 
moving average (EMA) function. This error calculation aims to enforce 
consistency and stability in the model’s predictions, even in the absence 
of labeled data [53].

4.2. YOLO-based model

In this work, we introduce the utilization of the YOLO architecture 
for SED, which represents a novel approach in the field. While previ-

ous works in SED have explored the use of YOLO-based architectures 
[54,55], they have predominantly focused on earlier versions of YOLO. 
Our proposed model builds upon the foundation of YOLO, specifically 
YOLOv5 [24], a popular model initially designed for object detection 
in images. However, we extend its application to the domain of audio 
analysis for SED.

The adaptation of a YOLO-like architecture for SED (YOHO) was 
first proposed in [54], where a version specifically tailored for audio 
analysis was introduced. Our work draws inspiration from the above 
approach, which shares the objective of predicting the onset and off-

set of sound events, aligning with the original bounding box concept in 
YOLO. However, our current implementation of the YOLO-based model 
diverges from YOHO in certain aspects. Instead of directly predicting 
the exact start and end times of sound events, our model estimates the 
duration, midpoint, and employs different connections in the convolu-

tional layers. Additionally, we incorporate a distinct section for event 
classification. These adaptations leverage the inherent similarities be-

tween image and audio data, enabling the YOLO model to effectively 
learn and recognize distinctive patterns within spectrograms, facilitat-

ing accurate predictions for class activities. While the challenges of SED 
differ from those of object detection, the YOLO architecture has gar-

nered significant attention and demonstrated impressive performance 
in various domains. Notably, it stands out for its efficient prediction 
times and computational scalability, making it an attractive choice 
for our specific purpose. By leveraging the efficiency of the YOLO ar-

chitecture in the context of SED [55,56], we aim to develop models 
that offer accurate detection capabilities with low computational costs. 
This advancement has far-reaching implications, enabling real-time or 
resource-constrained applications to benefit from efficient and effective 
SED models.

In contrast to the CRNN model, our proposed YOLO-based approach 
does not include recurrent layers for extracting sequential knowledge. 
Instead, we rely primarily on convolutional networks, adhering to the 
configuration initially designed for image analysis. This decision priori-

tizes the efficient utilization of convolutional networks, leveraging their 
inherent parallel processing capabilities, which can be particularly ad-

vantageous in scenarios where computational efficiency and real-time 
processing are critical considerations.

4.2.1. Architecture

The YOLOv5 architecture consists of three main sections. First, the 
backbone which is a sequence of convolutional blocks that extracts fea-
tures at different semantic levels. Second, the neck that applies a specific 
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Fig. 4. YOLOv5s model architecture. Brackets indicate input/output dimensions.
version of spatial pyramidal pooling (SPPF) to these feature maps. And 
the head that finally predicts the bounding boxes of objects/events using 
the feature pyramid constructed by the neck. Different YOLO versions 
differ in how these three sections are implemented. As in other studies, 
we have selected YOLOv5 as a very good compromise between per-

formance, adaptability, ease to use and availability [56,57]. From the 
different YOLOv5 submodels available (with increasing number of fil-

ters, pooling layers and depth) we consider only the three smallest ones 
which are referred to as nano, small and medium, respectively. A graph-

ical representation of the YOLOv5s architecture is shown in Fig. 4.

The input for the YOLO model remains identical to that of the 
CRNN model, but it is properly padded to match the standard YOLO 
input shape of 640 × 640. From the feature pyramid, the YOLOv5 head 
produces a multi-scale output consisting of three square grids of con-

secutive resolutions (strides 8, 16 and 32) where each cell contains a 
bounding box prediction of size 5 + 𝐶 = 14 consisting of normalized 
values of activity (one value), position and size (two values each), and 
(one-hot encoded) class prediction (one value per class). This allows the 
detection of events of varying sizes at three different resolution levels. 
The model processes the pyramid to produce bounding box predictions 
at each level [24]. Non-maximum suppression [58] is then applied to 
filter and retain the most confident, non-overlapping boxes, regardless 
of the resolution that generated them.

Three types of losses at the three resolution levels are considered. 
Firstly, the location error is computed using the complete intersection 
over union (CIoU) metric, which evaluates the accuracy of event lo-

calization and duration. Secondly, the classification error is measured 
using binary cross-entropy (BCE), ensuring that events are correctly 
assigned to their respective classes. Lastly, the objectness error, also 
calculated with BCE, assesses the confidence level of the model’s pre-

dictions.

Similar to the experiments conducted with the CRNN, the training of 
these models entails a 200-epoch training cycle with a batch size of 48 
samples, using as well the same optimizer parameters. During training, 
the model with the best validation performance is selected and retained 
for further analysis.

During training, mosaic augmentation [59] was employed, which 
has been shown to be a valuable technique for improving the perfor-

mance and robustness of YOLO-based object detection models. This 
method entails the integration of separate training images into a sin-

gle, enlarged canvas, which is then employed for model training. These 
individual training images are randomly positioned within the mosaic, 
and adjustments are made to the bounding box annotations for objects 
within each image to align them with their new mosaic positions. This 
approach notably enhances the contextual awareness of the model. The 
results reported in the next section for YOLO models correspond to the 
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use of both mix-up and mosaic augmentation, even though different 
combinations of these yield very similar results. Notably, only when 
mosaicing was completely suppressed the results exhibited a moderate 
degradation.

5. Performance assessment

In this work, two distinct strategies have been employed to compre-

hensively evaluate the performance of each predictor. Firstly, event-

based detection where each event is assessed as a whole, consider-

ing misclassification and the accuracy of predicting onset and offset 
timestamps. Secondly, segment-based evaluation that is performed by 
considering fixed-size prediction segments, treating each one as 𝐶 bi-

nary classification problems. Additionally, all models rely on an activity 
threshold (𝜃) to generate predictions. Hence, evaluation can be carried 
out in a threshold independent way, across the entire range of thresh-

old values (global), or locally, by selecting an appropriate (or ideally 
the best) threshold value for assessment.

For evaluating global, event-based performance, we adopted the 
widely accepted polyphonic sound event detection scores (PSDS) pro-

vided by the psds_eval toolbox [60], a recognized reference in the 
DCASE community. The computation of PSDS involves deriving an 
ROC (receiver operating characteristic) curve for all events within a 
given audio, encompassing 50 operating points. This process assigns 
true/false positives (TP/FP) based on the detection tolerance criterion 
(DTC), the ground truth intersection criterion (GTC), and other relevant 
parameters. In our analysis, we explored two distinct sets of criteria, 
yielding two different metrics: PSDS1, where 𝐷𝑇𝐶 = 𝐺𝑇𝐶 = 0.7, in 
line with common practices in general SED tasks; and PSDS0, where 
𝐷𝑇𝐶 = 𝐺𝑇𝐶 = 0.5, leading to heightened TP rates and enabling the 
exploration of an alternative curve and operational region within the 
threshold spectrum.

When evaluating segment-based metrics, a shift in perspective oc-

curs compared to the event-based approach. In this context, TP cor-

respond to frames where event activations are correctly recognized. 
FP encompass frame misactivations, onset anticipations, and offset de-

lays, while false negatives (FN) gauge undetected active frames, offset 
advancements, and onset delays. Additionally, true negatives (TN) cor-

respond to correctly identified non-active frames. All segment-based 
metrics considered here use output prediction segments of one tenth 
of a second which leads to 100 output frames for inputs of 10 seconds. 
The segment-based metrics are then computed through (micro-)averag-

ing by identifying TP, FP, TN and FN for each class.

The averaged area under the curve (AUC) value gives us a measure 
that takes into account the whole range of values of the threshold 𝜃. 
Apart from this, the 𝐴𝑈𝐶𝐹𝑃 value that restricts the above area for FP 
rates below a given value has been considered. This measure is more 

representative because only predictors that lead to low FP rates are of 
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Table 2

Performance measures obtained over the test partition. All local 
measures have been computed using the best possible thresh-

old. Best performing model is marked as bold and squared 
boxed figures in the CRNN column means that CRNN performs 
better than at least one of the YOLO models.

se
g
m

e
n
t-

b
a
se

d
e
v
e
n
t-

b
a
se

d

lo
ca

l
g
lo

b
a
l

lo
ca

l
g
lo

b
a
l

CRNN YOLOv5n YOLOv5s YOLOv5m

PSDS1 0.24 0.46 0.46 0.47

PSDS0 0.37 0.56 0.57 0.59

𝐹1(1) 0.38 0.60 0.59 0.60

𝐹1(0) 0.50 0.68 0.67 0.69

AUC 0.92 0.85 0.81 0.81

𝐴𝑈𝐶0.1 0.68 0.78 0.77 0.77

𝐹1 0.65 0.75 0.76 0.76

Acc 0.95 0.96 0.96 0.97

G-mean 0.80 0.84 0.84 0.83

interest in practice.1 A maximum FP rate of 0.1 has been considered in 
this work, i.e. 𝐴𝑈𝐶0.1.

The 𝐹1 score is widely used and important because it offers a bal-

anced evaluation of classification models. It corresponds to the har-

monic mean of precision (ratio of TP over all predicted as positive) 
and recall (or TP rate). This balance is particularly valuable in SED 
scenarios, where the data imbalance problem resulting from sparse 
event activations carries different consequences (i.e. false alarms ver-

sus missed events). As a single metric, the 𝐹1 score provides a clear 
and concise measure of the overall performance of a model in captur-

ing relevant instances while minimizing errors. In addition to this, other 
classification metrics such as the overall accuracy (Acc), and the geo-

metric mean of TP and TN rates (G-mean) have also been included as 
local, segment-based performance measures.

In the local, event-based scenario, it is important to note that tradi-

tional classification measures cannot be directly calculated due to the 
lack of a meaningful concept of TN. However, by utilizing the TP, FP, 
and FN derived from the computation of PSDS, it becomes possible to 
derive precision and recall scores. As a result, we incorporate the class-

averaged 𝐹1(𝑥) measures for both PSDS metrics, where 𝑥 takes values of 
0 and 1, respectively. These measures correspond to the optimal oper-

ating points on the respective exploration curves, as elaborated in [61].

6. Results and discussion

Table 2 provides a concise overview of the performance measures 
obtained for the test dataset using the four prediction models explored 
in this study. Notably, the CRNN model consistently demonstrates infe-

rior performance across different metrics, except for AUC, when com-

pared to the other models.

This observation can be better understood by looking at Fig. 5, 
which shows the four ROC curves along with the corresponding best 
predictors (according to 𝐹1). Overall, all YOLO models exhibit saturated 
ROC curves, meaning that the TP rate remains constant even when very 
low 𝜃 values are used. This behavior arises because YOLO models tend 
to provide very small output values for some classes (below the lowest 
𝜃 value explored), which leads to many non-detected TP. As a result, 
the AUC measure is highly influenced by such saturation effect. The 
𝐴𝑈𝐶0.1 measure leads to values that are highly correlated with all other 
measures including the global, event-based ones as they correspond to 
almost all the operating range of the threshold 𝜃. We can grasp this 
operating region from a different view if we observe Fig. 6 where the 
segment-based 𝐹1-score across the whole threshold range has been plot-

ted for all predictors, along with the same best individual predictors for 
each model. Note that in general, all predictors will tend to obtain zero 
𝐹1 scores as the threshold is decreased but at different rates. Apart from 

1 In fact, PSDS also applies this kind of restriction but in terms of number of 
8

FP per hour of audio.
Applied Acoustics 215 (2023) 109719

Fig. 5. ROC curves corresponding to the different models considered on the test 
partition. Marked points on the curves correspond to the best threshold values 
according to the segment-based 𝐹1-score.

Fig. 6. Averaged 𝐹1 scores for different threshold values corresponding to the 
test partition. Best values and corresponding thresholds are marked on the 
curves. The region at the left of the dotted line corresponds to FP rates higher 
than 0.1.

that, the fact that YOLO detects bounding boxes instead of generating a 
mask of predictions as CRNN gives as a result that in practice we very 
hardly obtain FP values above 0.1 even for very low threshold values as 
can be observed in the figure.

The event-based performance measures presented in Table 2 exhibit 
the same general trend. However, the global indicators display rela-

tively lower values, particularly noticeable in the case of PSDS1. This 
value can be readily compared to outcomes from other studies focused 
on general SED problems [62,61]. This discrepancy arises due to the 
highly restrictive nature of the PSDS family of scores. These scores aim 
to discern among predictors that perform exceptionally well on a given 
task, a level of achievement that is still beyond our current reach within 
our specific context. Furthermore, these metrics strongly penalize false 
positives, even when originating from intermittent events that hold sig-

nificant importance in our dataset. When assessing specific predictors 
with fixed thresholds, mirroring real-world scenarios, we attain more 
realistic results in the corresponding event-based 𝐹1(x)-scores, as com-

puted through the sed_eval toolbox.

In fact, the behavior of all four models for both 𝐹1(𝑥)-scores closely 
mirrors that of the segment-based 𝐹1 in Fig. 6, showcasing remarkably 
similar threshold values for the most effective predictors. In general, 
the performance outcomes of YOLO models demonstrate a notable sta-

bility across various threshold values. The optimal 𝜃 values consistently 
hover around 0.2, but very good results are also achievable within a 
range spanning from 0.1 to 0.5 or beyond. In contrast, the CRNN model 
exhibits an optimal value at approximately 0.4 (0.47 based on the 𝐹1(0)-
score) and its performance rapidly deteriorates as this value is either 

increased or decreased.
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Fig. 7. Prediction outputs filtered at given thresholds 𝜃 (shown in blue) for six 
particular audio segments from the test set. Ground-truth is displayed in light 
blue.

Table 3

Number of parameters, compiled model size, and GPU/CPU prediction times 
(RTX3060ti/Cortex A72) for the SED models considered in this work.

CRNN YOLOv5n YOLOv5s YOLOv5m

params (M) 1.1 1.9 7.2 20

model size (MB) 4.5 10 36.5 100

GPU time (ms) 34 29 33 35

CPU time (ms) 292 226 387 731

To visually illustrate the predictive outcomes of CRNN and YOLO 
models, we present specific prediction results for 10-second audio in-

puts from the test set in Fig. 7. Upon analyzing the graphical representa-

tion, it becomes evident that YOLOv5n consistently outperforms CRNN. 
YOLOv5n (and the other YOLO models, which provide similar predic-

tions) generates fewer false positives and misses fewer events compared 
to CRNN. This example emphasizes the robustness of YOLO-based mod-

els and their potential for SED.

To provide further insight into model complexities and their impact 
on approximate prediction times, Table 3 provides the number of pa-

rameters, the compiled model size (utilizing the standard Open Neural 
Network Exchange [63]), and the average inference time for generating 
predictions within a 10-second audio clip. Assessment on an RTX3060ti 
GPU and a Cortex A72 (Raspberry Pi 4) CPU emphasizes the superiority 
of the basic YOLOv5n model in balancing performance and complexity.

6.1. Some preliminary results with real data

Although generating a fully annotated audio dataset based on real 
driving scenarios is beyond the scope of this study, it remains crucial 
to assess the performance of models trained on our synthetic dataset 
when applied to actual real-world data. For this purpose, we conducted 
a recording during a real car trip, capturing instances of select con-

sidered events that occurred naturally or were deliberately provoked, 
aimed at testing the trained models. This resulting audio, while rel-

atively concise, underwent meticulous annotation and segmentation 
into 10-second intervals. This collection comprises 685 audio segments, 
about a quarter the size of our synthetic dataset, with annotations for 
five out of the nine distractor events (Speech, Horn, Physiologi-

cal, RingTone, and Notification). It is noteworthy that not only 
do the sound context and noise conditions differ significantly, but the 
frequency and proportion of active/inactive frames for each event type 
also differ considerably from those observed in the synthetic audio files. 
Results obtained from this real data should be interpreted with caution, 
9

considering the inherent limitations of this preliminary experiments, in-
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Table 4

Performance measures obtained over the real test set. All local 
measures have been computed using the best possible thresh-

old. Best performing model is marked as bold and squared 
boxed figures in the CRNN column means that CRNN performs 
better than at least one of the YOLO models.
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CRNN YOLOv5n YOLOv5s YOLOv5m

PSDS1 0.01 0.01 0.03 0.04

PSDS0 0.04 0.01 0.03 0.10

𝐹1(1) 0.18 0.40 0.44 0.39

𝐹1(0) 0.25 0.52 0.44 0.39

AUC 0.87 0.92 0.89 0.87

𝐴𝑈𝐶0.1 0.51 0.71 0.78 0.73

𝐹1 0.59 0.71 0.77 0.73

Acc 0.93 0.94 0.95 0.94

G-mean 0.79 0.89 0.90 0.89

Fig. 8. Averaged 𝐹1(1) scores for different threshold values corresponding to 
the real test set. Best values and corresponding thresholds are marked on the 
curves (triangles up). The best predictors for synthetic data are also marked 
(triangles down).

cluding the limited size and diversity of the dataset, which may impact 
the generalizability of findings beyond the specific model comparisons.

The evaluation process employed to generate the previous (syn-

thetic) results was also applied to the real-world test data, and the 
corresponding outcomes are depicted in Table 4. As anticipated, the 
real-world results generally lag behind the synthetic values. Neverthe-

less, the established pattern persists, with CRNN exhibiting relatively 
inferior performance compared to the YOLO models. Indeed, even the 
global AUC measure records the most favorable outcomes for two of the 
YOLO models.

Drawing valid conclusions from PSDS scores is difficult due to the 
extremely low values obtained. The infrequent occurrence of events of 
interest within our real data, coupled with the maximum effective false 
positive rate implicit in the PSDS definition [60], lead to exceedingly 
low PSDS values across all models tested. In this context, very low PSDS 
values indicate that the best operating points of the predictors are as-

sociated with a FP rate beyond the limit established by this metric. 
A closer examination is provided through the 𝐹1(1)-scores correspond-

ing to all thresholds, visualized in Fig. 8. It becomes evident that all 
models experience substantial drops in performance when compared 
to their synthetic counterparts. Furthermore, the optimal 𝜃 values for 
the best predictors are generally higher. Most importantly, it is appar-

ent that these predictors struggle to accurately detect complete events, 
especially at lower 𝜃 values. This issue is further evident in the case 
of CRNN, which displays even more erratic and inferior performance 
across the entire range of 𝜃. These observations can be attributed to the 
fact that only five event types are genuinely present in the audio record-

ings, each characterized by statistics significantly divergent from those 

in the training dataset.
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Fig. 9. Prediction outputs filtered at given thresholds 𝜃 (shown in blue) for six 
in a row audio segments from the real audio. Ground-truth is displayed in light 
blue.

Interestingly, in terms of segment-based performance measures, it 
has been observed that all models, including CRNN, exhibit a similar 
pattern to that exhibited by synthetic data. This similarity is evident 
despite a slight downward shift in the values. Low event-based metric 
values do not necessarily indicate predictor failure. In fact, as depicted 
in Fig. 9, the predictions of both models are capable of accurately de-

tecting certain events. Generally, CRNN exhibits more false positives 
and undetected events than YOLOv5n, although the predictions of the 
latter often extend beyond the ground truth tags. Indeed, YOLOv5n 
presents fewer false positives, demonstrating a superior capability to 
distinguish between event and non-event frames. However, its tendency 
to predict longer event durations might arise from its capacity to cap-

ture a broader audio context. Conversely, CRNN’s reliance on recurrent 
layers could impede consistent event tracking, potentially leading to 
premature event terminations.

7. Conclusions

In this study, we developed a comprehensive taxonomy for driv-

ing sounds, which serves as a structured framework for categorizing 
and understanding the various types of sounds encountered during driv-

ing scenarios. By organizing the sounds into different levels, we aimed 
to provide a systematic approach to identify and analyze recognized 
auditory distractors that can significantly impact driver safety. To fa-

cilitate the training and evaluation of sound event detection systems, 
we introduced a carefully created dataset that simulates audio record-

ings in driving scenarios comprising mixtures of commonly occurrying 
events, eliminating the need for labor-intensive manual annotation. In 
our approach to sound event detection, we explored two different ar-

chitectures: a baseline CRNN model and a YOLO-based model adapted 
for audio analysis. Although both showed promising results, the YOLO-

based model significantly outperformed the baseline model in all the 
analyzed metrics. The taxonomy, dataset, and models presented in this 
work contribute to the advancement of sound event detection systems 
tailored for driving safety. By identifying and addressing auditory dis-

tractors, we aim to enhance driver awareness and mitigate potential 
risks on the road.

Future work in this domain could focus on further refining the mod-

els, exploring additional data processing techniques, and investigating 
the integration of multiple sensor inputs to enhance the overall driving 
safety experience. By continuing to innovate in sound event detection, 
we can make meaningful strides towards safer and more attentive driv-
10

ing practices for all road users.
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