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ABSTRACT
Urban soundscapes are characterized by the overlapping of multiple sounds, posing challenges for automatic classification via 
deep learning. This study applies convolutional neural networks (CNNs) with transfer learning to identify diverse sounds in 
urban environments using visual representations called Mel spectrograms —time-frequency images of audio signals. We created 
the Urbanphony-3 (UP3) dataset from recordings in historic cities with significant sound overlaps and compared it against two 
established datasets with minimal overlap: UrbanSound8K (US8K) and Environmental Sound Classification 50 (ESC50). CNNs were 
trained with each dataset to develop the UP3-CNN, US8K-CNN, and ESC50-CNN models, enabling the automatic recognition of 
various urban sounds. Model performance was assessed through five-fold cross-validation, using accuracy and loss metrics, as 
well as confusion matrix analysis and ROC curves. The UP3-CNN model, which classified sounds from environments with frequent 
overlap, reached an accuracy of 75.2%. In contrast, ESC50-CNN and US8K-CNN, trained with less overlapped sounds, yielded better 
results (85.6 and 86.3%, respectively). These findings confirm that CNNs have great potential for classifying urban soundscapes, 
even under natural overlap. However, the performance gap between UP3-CNN and the other models indicates that CNNs are 
less effective when sounds overlap significantly. Thus, additional strategies are required to improve the results, including data 
augmentation, transformers, or optimization techniques. Future research should also extend automatic soundscape classification by 
considering other variables, such as emotional reactions, cultural preferences or contextual influence.

Keywords: soundscape studies, urban soundscape, convolutional neural networks, Mel spectrograms, supervised learning, cross-
validation

RESUMEN
Los paisajes sonoros urbanos se caracterizan por la superposición de múltiples sonidos, lo que plantea desafíos para la clasificación 
automática mediante aprendizaje profundo. Este estudio aplica redes neuronales convolucionales (CNN) con aprendizaje por 
transferencia para identificar diversos sonidos en entornos urbanos por medio de representaciones visuales llamadas espectrogramas 
de Mel —imágenes tiempo-frecuencia de señales de audio. Se creó el conjunto de datos Urbanphony-3 (UP3) a partir de grabaciones 
en ciudades históricas con una notable superposición sonora y se comparó con dos conjuntos de datos consolidados con mínima 
superposición: UrbanSound8K (US8K) y Environmental Sound Classification 50 (ESC50). Las CNN se entrenaron con cada conjunto 
de datos para desarrollar los modelos UP3-CNN, US8K-CNN y ESC50-CNN, lo que permitió el reconocimiento automático de diversos 
sonidos urbanos. El desempeño de los modelos se evaluó mediante validación cruzada de cinco pliegues, usando métricas de exactitud 
y pérdida, así como análisis de matrices de confusión y curvas ROC. El modelo UP3-CNN, que clasificó sonidos de entornos con 
superposición frecuente, alcanzó una exactitud del 75.2 %. En contraste, ESC50-CNN y US8K-CNN, entrenados con sonidos menos 
superpuestos, obtuvieron mejores resultados (85.6 y 86.3 % respectivamente). Estos hallazgos confirman que las CNN tienen un 
gran potencial para la clasificación de paisajes sonoros urbanos, incluso bajo condiciones de superposición natural. Sin embargo, la 
brecha de desempeño entre UP3-CNN y los otros modelos indica que las CNN son menos efectivas cuando los sonidos se superponen 
de manera significativa. Por tanto, se requieren estrategias adicionales para mejorar los resultados, incluyendo aumento de datos, 
transformadores o técnicas de optimización. Asimismo, las investigaciones futuras deberían ampliar la clasificación automática de 
paisajes sonoros considerando otras variables, como las reacciones emocionales, las preferencias culturales o la influencia del contexto.

Palabras clave: estudios en paisaje sonoro, paisaje sonoro urbano, redes neuronales convolucionales, espectrogramas Mel, 
aprendizaje supervisado, validación cruzada
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Introduction

Noise, or unwanted sound, has a significant impact on the 
physical and mental health of urban residents worldwide, 
including the risk of hearing loss, an increased likelihood of 
suffering from cardiovascular diseases, sleep disturbances, 
stress, negative emotions, and social complaints, among 
others [1]–[5]. Consequently, the issue of urban sound, 
typically dominated by traffic and industries, is nowadays a 
critical topic in public and scientific debates in many cities 
suffering from acoustic pollution everywhere and at all 
times [6]. These discussions focus primarily on identifying 
effective strategies to mitigate the current and future 
production of disruptive sounds in urban environments, 
underscoring the urgent need for proactive actions by local 
governments and the civil society in general [7], [8].

Traditionally, acoustic environment evaluations in cities 
have relied on acoustic measurements that focus solely 
on the negative aspects of sound, particularly when sound 
levels exceed certain thresholds as measured in decibels 
(dB) [9]. However, this approach overlooks the fact that 
some sounds in noisy urban settings (e.g., water, birds, or 
cultural sounds) can have a positive impact on people [10], 
as they may trigger pleasant memories or help individuals 
to relax and recover from daily stress and cognitive fatigue 
[11]. Thus, a convenient pathway to overcome the classical 
notion of noise and its physical measurement is the emerging 
concept of soundscape, which emphasizes the importance 
of the subjective perception of sound. The International 
Organization for Standardization (ISO) defines soundscape 
as an “acoustic environment as perceived or experienced 
and/or understood by a person or people, in context” [56, 
p. 2]. This idea represents a paradigm shift in acoustic 
environment assessment, allowing for the recognition 
of both negative and positive sound experiences [12]. In 
urban contexts, adopting a comprehensive perspective of 
soundscape, encompassing both physical and perceptual 
factors, is essential for identifying accurate actions that 
contribute to building more livable and suitable cities. For 
instance, creating more green areas can offer desirable and 
relaxing natural sounds for urban dwellers [13].

Previous studies have focused on the assessment of urban 
soundscapes by identifying the different sounds that 
comprise them [14]–[18]. Some of the most recognized 
categories include: anthropophony, which encompasses 
sounds inherent in human actions, from everyday activities 
(walking, talking, or singing) to those assisted by technology 
(motorized vehicles or amplified music); biophony, 
consisting of sounds made by animals (bird songs or pets); 
and geophony, produced by natural elements constitutive 
of the geophysical environment, such as rain or wind [19]. 
This taxonomy is frequently employed for the manual 
classification of urban soundscapes, enabling the distinction 
of various sounds through audio recordings. This can 
reveal specific sounds and/or sound sets of high social, 
cultural, ecological, affective, and functional values amidst 
the generally prevailing and undesired urban bustle [20]. 

However, the manual classification of soundscape is highly 
time-intensive, limiting the task to relatively small datasets, 
and its performance is suboptimal for adequately describing 
the multiple sounds in urban environments [21], [22]. As an 
alternative to the limitations of manual classification, deep 
learning algorithms have gained traction for the automatic 
identification of city sounds, thereby reducing the time and 
effort involved [23]. 

It has generally been observed that the success rates 
of environmental sound classification (ESC) obtained 
with deep learning models outperform those of non-
deep learning alternatives [24]. The primary reason for 
this is deep learning’s ability to utilize multiple hidden 
nonlinear transformations to automatically derive abstract 
representations of raw data (e.g., images or words) [25]. 
However, many parameters must be adjusted in designing 
deep learning models, making it almost impossible to design 
the best model for specific tasks, which includes classifying 
the various sounds originating in urban areas [26]. Therefore, 
it has been accepted that much remains to be done regarding 
the adaptation of deep learning models for classifying urban 
soundscapes [27]–[29].

To address this gap, initial attempts in ESC research have 
shown that convolutional neural networks (CNNs), a type of 
deep learning architecture, are capable of classifying urban 
sounds based on spectrogram images generated from audio 
recordings in cities [30], [31]. For example, [32] showcased 
the capability of a hybrid CNN-LSTM model to classify 
some urban sounds according to predefined and generic 
sound classes in two benchmark datasets: UrbanSound8k 
(US8K) and Environmental Sound Classification 50 (ESC50). 
Another notable contribution is that of [30], who verified 
the capability of a CNN to classify anthropophonies, 
biophonies, and geophonies based on Mel spectrograms 
—a time–frequency visual representation of an audio signal 
using the Mel scale— from 5396 audio recordings collected 
along an urban-rural gradient in Sonoma County (USA) 
and auxiliary data from the Freesound dataset. Finally, it is 
worth mentioning the study by [33], who developed a deep 
neural network system to classify underwater soundscapes 
in an urban shore, mainly identifying biophonies, such as 
cetacean, fish, and marine invertebrates. However, these 
previous efforts do not have recourse to deep learning 
models for establishing the soundscape taxonomy of urban 
areas, and they tend to rely on public datasets (e.g., US8K 
and ESC50) with sounds recorded in a cleaner manner that 
does not register the common dynamics of overlapping 
sounds in these contexts.

This study investigates the application of a deep learning 
framework to recognize a wide range of sounds produced 
in real urban contexts, highlighting its value for soundscape 
assessment, planning, and design [34], [35]. We hypothesize 
that a deep learning solution is well-suited for the automatic 
classification of urban soundscapes, as it can recognize 
the visual patterns of sounds generated by real acoustic 
environments in spectrograms, enabling the identification 
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of each of those urban sounds [36], [37]. Thus, the aim 
is to evaluate the performance of CNNs in classifying the 
urban soundscape of datasets with overlapping and non-
overlapping sounds. 

This paper is organized as follows. First, we present three 
different datasets, including audio data collected by us in 
three different cities (overlapping scenario) and two well-
known public-access audio datasets (non-overlapping 
scenarios), which were used to fine-tune CNNs for urban 
soundscape classification through a five-fold cross-validation 
approach. Next, we analyze the models’ performance based 
on their classification accuracy. From this perspective, we 
discuss the potential of artificial intelligence (AI) models 
for classifying urban soundscapes. Finally, we outline 
our conclusions regarding automatic urban soundscape 
classification, as well as potential lines of research in the 
field.

Materials and methods

Datasets 
This study utilized a self-collected dataset, referred to as 
Urbanphony-3 (UP3). Additionally, the ESC50 and US8K 
datasets were employed, as both are extensively used in 
literature. To obtain UP3, soundscape data were collected in 
the historic areas of three cities, with the following sampling 
point grids: in Popayán, a 100 x 100 m grid with 50 points in 
five periods throughout the day; in Santiago de Compostela, 
a 100 x 100 m grid with 62 points in three periods throughout 
the day; and, in Venice, a 200 x 200 m grid with 102 points 
in two periods throughout the day. These sampling points 
were confined to historical city boundaries. In Popayán and 
Santiago de Compostela, the historic areas constitute only 
a small part of the city, whereas, in the case of Venice, the 
historic area coincides with the entire urban area (Fig. 1). The 
sampling point distributions focused on historic areas, as 
these locations are characterized by a variety of commercial, 

residential, cultural, and recreational activities, which 
ensured the collection of highly varied acoustic information. 
At each sampling point, stereo audio recordings were taken 
using outdoor microphones, namely 250 recordings lasting 
10 min in Popayán (Sennheiser MKH 416), 186 recordings 
lasting 5 min in Santiago de Compostela (Tascam DR-05X), 
and 204 recordings lasting 3 min in Venice (Sony ECM-XM1). 
In total, 640 recordings, amounting to 4054 min (67.5 h) of 
audio, were collected and saved in a waveform audio file 
format (.wav) with a sampling frequency of 48 kHz.

Regarding the other datasets, the ESC50 dataset consists 
of 2000 audio recordings (lasting 5 s) that are equally 
distributed across 50 predefined classes (40 audio samples 
for each class), sampled at 16 and 44.1 kHz. On the other 
hand, the US8K dataset is one of the most extensive urban 
sound samples available, containing 8732 audio clips (lasting 
4 s) across ten classes, recorded at 22.05 kHz. Both datasets 
were recorded under controlled acoustic conditions, 
representing distinct sounds with minimal overlap. We 
utilized these two classical datasets as reference points of 
non-real acoustic environments in urban areas, while our 
main UP3 dataset featured the typical sound overlap of a 
real urban context.

Deep learning classification of urban soundscape 
A wide range of recorded city sounds were identified and 
represented through spectrogram images. The distinction of 
each sound was made according to the urban soundscape 
taxonomy proposed in a previous work [38], referred to 
as urbanphony. This categorization was defined through 
several sound classes, grouped under the main categories 
of anthropophony (human sounds) and ecotopophony 
(natural sounds) (Fig. 2). The geophony class, a type of 
ecotophony, was excluded due to the small number of 
records in the datasets. Following the adjusted urbanphony 
taxonomy, CNNs were trained with datasets composed 
of spectrograms. These spectrograms were labeled to indicate 
the presence or absence of specific sound subclasses, e.g., 

Figure 1. Sampling sites in Popayán, Santiago de Compostela, and Venice 
Source: Authors
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motorized transport (MT). The training of the CNNs began 
with the identification of basic features, such as the shape 
and texture of the spectrograms. Progressively, the model 
advanced towards extracting more complex features. During 
this learning process, the visual features of the extracted 
spectrograms were correlated with their corresponding 
known labels in order to classify each sound. 

Figure 2. Urbanphony taxonomy adjusted for this study 
Source: Elaborated by the authors based on [38]

Following [39], for model training, we used the well-
established pre-trained architecture of EfficientNetB3, a 
prominent CNN that was trained on the extensive and diverse 
ImageNet dataset for transfer learning (https://github.com/
tensorflow/tpu/tree/master/models/official/efficientnet). 
This neural network allowed classifying complex visual 
patterns in spectrograms obtained from raw acoustic data.

Labeled datasets 
To label UP3 according to the urbanphony taxonomy, 
each recording from the sampled cities was divided into 

2 s segments (640 recordings). This allowed randomly 
selecting some segments from each recording until 
the dataset was completed, avoiding sequentiality in 
sample selection and providing representative data of 
each recording. Subsequently, the selected samples 
were labeled after being listened to and previewed in 
spectrograms with a range of 0-11 kHz and a window 
of 512 samples. This process resulted in a total of 6185 
labels. To label the other datasets, the audio durations 
were adjusted to 2 s in order to match the length of the 
UP3 segments. The 5 s samples of the ESC50 dataset 
were split into 2 s segments, excluding the last second 
of each recording (for a total of 2279 segments). As for 
US8K, its 4 s samples were simply divided into two exact 
2 s segments (14 605 segments). The predefined classes 
from both ESC50 and US8K were regrouped to align 
with the urbanphony taxonomy. Due to the quantitative 
imbalance of data for UP3 and ESC50, data augmentation 
techniques were applied, including random rotation, 
scaling, translation, and reflection [40]. Additionally, 
subsampling was applied to US8K, given its larger data 
volume. This approach ensured that all datasets were 
balanced in terms of both the data distribution across 
each class and the total data quantity. The test data not 
used during model training were set aside to evaluate 
model performance according to each dataset (Table I).

Figure 3. Cross-validation splits for each dataset in this study (UP3, 
ESC50, and US8K)
Source: Authors 

Spectrogram generation and cross-validation
To optimally represent the labeled urban sounds in this 
study, the calculation of 2 s Mel spectrograms was chosen 
for model training. These spectrograms were obtained using 

https://github.com/tensorflow/tpu/tree/master/models/official/efficientnet
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each dataset, as well as its precision, recall, and F1 score 
metrics regarding each sound class.

CNN transfer learning
The CNNs developed for classification according to the 
urbanphony taxonomy were implemented with Python 
3.9.7 and Keras 3.0., using transfer learning to address the 
relatively small datasets available for this study, as well as to 
achieve faster training times. The pre-trained EfficientNetB3 
architecture was used to train different models with each 
dataset, employing a fine-tuning technique. To this effect, all 
convolutional blocks were frozen, and training was conducted 
only on the top layers. The fully trained CNNs produced a 
vector of five probabilities using the Softmax classifier (one 
value for each sound class). The best CNN models derived 
from cross-validation iterations for the UP3, ESC50, and 
US8K datasets were named as follows: UP3-CNN, ESC50-
CNN, and US8K-CNN. For the hyperparameters applied, 
please refer to Table II.

version 0.10.1 of the Librosa library, operating under Python 
3.9.7. These spectrograms covered the entire spectrum of 
frequencies audible to humans (0-11 KHz). The resulting 
images, originally sized at 600 x 600 pixels in the RGB 
space, were resized to 300 x 300 pixels for CNN training and 
testing, as this is the default input size for the pre-trained 
EfficientNetB3.

For modeling, a five-fold cross-validation approach was 
employed. To implement it, the training set of each dataset 
was divided into five comparable folds. After partitioning, 
the folds were trained and validated in five (K) iterations, 
using a different fold for each iteration as validation data, 
while the remaining folds served as training data (Fig. 4). By 
folding the datasets, we avoided model overfitting, as the 
training process in each iteration was validated with different 
data. After each iteration, the model’s accuracy, loss, and F1 
score were determined. The confusion matrix and the ROC 
curve were also calculated using the test data reserved for 

Datasets Classes 2-s Mel labels Data augmentation Undersampling Training set size Testing set size Total 2-s Mels

UP3

BI 324 972 0 1 666 130 1296

EM 76 724 0 720 80 800

S 150 1050 0 1080 120 1200

TM 2945 0 1473 1325 148 1473

VM 1902 0 1416 1283 143 1426

Total 5 397 2746 2889 5574 621 6195

ESC50

BI 841 455 0 1 666 130 1296

EM 478 322 0 720 80 800

S 377 823 0 1080 120 1200

TM 238 1 235 0 1325 148 1473

VM 345 1 081 0 1283 143 1426

Total 2279 3916 0 5574 621 6195

US8K

BI 1393 0 1296 1666 130 1296

EM 5136 0 800 720 80 800

S 1797 0 1200 1080 120 1200

TM 2322 0 1473 1325 148 1473

VM 3957 0 1476 1283 143 1426

Total 14 605 0 6195 5574 621 6195

Table I. Number of sampled Mel labels in the UP3, ESC50, and US8K datasets

Source: Authors
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Figure 4. Workflow for data preprocessing (1-4) and model development 
(5-7) 
Source: Authors

Table II. Hyperparameters used

Hyperparameter Value

Learning rate 0.0001

Batch size 16

Number of epochs 100

Dropout rate 0,2

Activation function Softmax

Optimization algorithm Adam

Source: Authors

Results

Model performance
The performance of the models was determined from the 
results of cross-validation on UP3, ESC50, and US8K. Table III 
shows the overall results from the five-fold cross-validation 
in terms of the accuracy, loss, and F1-score of each dataset. 

The parameters for UP3 indicate a notable performance, with 
a training accuracy of 72.679%, a training loss of 0.7412, and 
an F1-score of 0.7582. In contrast, ESC50 exhibits a training 
accuracy of 84.55%, a training loss of 0.4623, and an F1-
score of 0.8451, while US8K reports a training accuracy of 
83.30%, a training loss of 0.4680, and an F1-score of 0.8150. 
The acceptable performance demonstrated across all three 
datasets suggests that the models are effective in classifying 
urban sounds, although the performances of ESC50 and 
US8K are considerably better than that of UP3.

Table III. Overall performance of cross-validation across the datasets 
utilized in this study

Parameters UP3 ESC50 US8K

Accuracy training 72.679% 84.553% 83.303%

Accuracy validation 75.179% 85.009% 82.062%

Loss training 0.7412 0.4923 0.4680

Loss validation 0.6788 0.4530 0.5109

F1‑score 0.7582 0.8451 0.8150

Source: Authors

The convergence graphs for UP3-CNN, ESC50-CNN, and 
US8K-CNN are presented in Figs. 5, 6, and 7, respectively. 
In all three figures, note that the accuracy training and 
validation, as well as loss training and validation graphs, are 
very close to each other. This proves that the models do not 
overfit during training. In addition, US8K-CNN converges 
faster than other datasets.
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Figure 5. Convergence graphs of UP3-CNN (iteration 5)
Source: Authors 

Figure 6. Convergence graphs of ESC50-CNN (iteration 4)
Source: Authors 

Figure 7. Convergence graphs of US8K-CNN (iteration 3)
Source: Authors 

Confusion matrix and ROC curve
The confusion matrix derived from the UP3-CNN model 
during the test phase is shown in Fig. 8 (iteration 5). The 
model labeled MT with the highest accuracy (90.54%), as well 
as the electromechanical (EM) and biphony (BI) classes with 
the lowest accuracy (59.23 and 58.75%, respectively). The 
high accuracy regarding MT can be attributed to the distinct 
and prominent visual patterns present in the spectrograms, 

which facilitate its recognition. In contrast, EM and BI exhibit 
patterns that may overlap with the dominant sound of MT. 
Furthermore, EM was particularly impacted by its low data 
availability during training, which may have affected its 
classification.

Figure 8. Confusion matrix for the accuracy value of the UP3-CNN 
model (iteration 5)
Source: Authors

The confusion matrix obtained for the ESC50-CNN model 
during the test phase is presented in Fig. 9 (iteration 4). Note 
that the model labels most classes in a varied manner. MT 
achieves the highest accuracy (98.65%), while the BI and 
the voices or music (VM) categories are recognized with the 
lowest accuracy (57.69 and 69.93%, respectively).

Figure 9. Confusion matrix for the accuracy value of the ESC50-CNN 
model (iteration 4)
Source: Authors

The confusion matrix for the US8K-CNN model during 
the test phase is given in Fig. 10 (iteration 3). The model 
identifies most of the classes similarly, with accuracy values 
ranging from 79.02 (VM) to 90.00% (S) for all classes. This 
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result is consistent with the outstanding fit demonstrated by 
US8K during training. The classification behavior observed 
in the confusion matrices of the three datasets is further 
corroborated in Table IV.

Figure 10. Confusion matrix for the accuracy value of the US8K-CNN 
model (iteration 3)
Source: Authors

Table IV. Metrics for the urbanphony taxonomy in each model tested

Model Class Precision Recall F1-score

UP3-CNN

BI 0.7700 0.5923 0.6696

EM 0.8393 0.5875 0.6912

S 0.8661 0.8083 0.8362

MT 0.5852 0.9054 0.7109

VM 0.7398 0.6408 0.6868

ESC50-CNN

BI 0.7895 0.5769 0.6667

EM 0.7625 0.7625 0.7625

S 0.8909 0.8167 0.8522

MT 0.6518 0.9865 0.7849

VM 0.8929 0.6993 0.7843

US8K-CNN

BI 0.9123 0.8000 0.8525

EM 0.6000 0.8250 0.6947

S 0.8710 0.9000 0.8852

MT 0.8864 0.7905 0.8357

VM 0.8014 0.7902 0.7958

Source: Authors
The area under the ROC curve (AUC) is a significant 
measure of overall model performance; a higher AUC value 
indicates a better classification performance. To provide 
further insights in this regard, the ROC curves for UP3-CNN, 
ESC50-CNN, and US8K-CNN are presented in Figs. 11, 12, 
and 13, respectively. Note that the ROC curve for each 
model approaches the upper left corner, demonstrating 
a desirable performance across all datasets, albeit with 
slight differences. The curves show that, for UP3-CNN 
and ESC50-CNN, the increase in the true positive rates 
(TPR) at lower false positive rates (FPR) is somewhat lower, 
indicating a relatively reduced recall rate at low thresholds. 
In contrast, the ROC curve for US8K-CNN is closer to the 
upper left corner, reflecting a higher TPR at the same FPR, 
suggesting that US8K has higher sensitivity and better overall 
classification capabilities.

Figure 11. ROC curve for the UP3-CNN model
Source: Authors

Figure 12. ROC curve for the ESC50-CNN model
Source: Authors
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Figure 13. ROC curve for the US8K model
Source: Authors

Comparison with other studies
Table V presents a comparison between the proposed models 
and other deep learning solutions applied to urban sound 
classification. The proposed models, enhanced through 
transfer learning and validated by means of cross-validation, 
achieve competitive accuracy, including the UP3-CNN 
model, which utilizes real acoustic environments from 
historic cities with sound overlap. However, in comparison 
with the other models analyzed, the performance of the 
proposed models tends to be relatively lower. This gap 
can be attributed to the fact that the compared models 
implement dedicated data augmentation techniques [30], 
transformer-based architectures [40], attention mechanisms 
[42], and auxiliary pre-training in related audio domains 
[43]. Thus, it is noted that our models need to adopt similar 
strategies to ultimately achieve the best possible results.

Table V. Comparison of the accuracy values obtained with the proposed 
method against other techniques (%)

Study and datasets Method Accuracy

Jahangir et al. 
(2023) [40] 
(UrbanSound8K, 
ESC50, ESC10)

Transformer + data 
augmentation

US8K: 98%; 
ESC‑50: 94%; 
ESC‑10: 97%

Mushtaq and 
Su (2020) [41] 
(UrbanSound8K, 
ESC50, ESC10)

CNN pre-trained 
(DenseNet-161) + 
data augmentation

US8K: 97%; 
ESC50: 98%; 
ESC10: 99%

Quinn et al. (2022) 
[30] (self‑collected 
in Sonoma County, 
USA + Freesound)

CNN pre-trained 
(MobileNetV2) + 
transfer learning 
+ threshold 
optimization

90%

Mu et al. 
(2021) [42] 
(UrbanSound8K, 
ESC50)

CNN 1D with time-
frequency attention 
mechanisms

US8K: 93%; 
ESC‑50: 84%

Proposed UP3-
CNN

CNN pre-trained 
(EfficientNetB3) + 
transfer learning + 
cross-validation

72%

Proposed ESC50-
CNN

CNN pre-trained 
(EfficientNetB3) + 
transfer learning + 
cross-validation

84%

Proposed US8K-
CNN

CNN pre-trained 
(EfficientNetB3) + 
transfer learning + 
cross-validation

83%

Source: Authors

Discussion 

In this study, urbanphony taxonomy prediction models 
based on CNNs were evaluated. The cross-validation results 
indicate that CNN models achieve an acceptable accuracy 
across different datasets in predicting five classes of urban 
sounds represented through Mel spectrograms. This 
performance demonstrates that image-based approaches 
hold significant promise in soundscape assessment for 
urban planning and design, as previously suggested by 
[16]. The primary advantage of this approach lies in the 
ability to automatically identify multiple sounds from the 
vast amounts of acoustic information generated in cities. 
This classification task allowed automatically revealing 
the unknown and diverse sound experiences within 
urban environments, characterized by specific dominant 
sounds, including the annoying anthropophonic sounds of 
motorized transport or the pleasant ecotopophonic sounds 
coming from the biophonies of bird songs. Therefore, CNNs 
have the potential to uncover a broad spectrum of urban 
soundscapes that deserve to be preserved and promoted, 
given the ecological, social, and affective values of each kind 
of sound in them [44].

Audio recordings are relevant elements in training CNNs for 
automatic soundscape classification, as they are the primary 
resource for distinguishing the sounds that constitute a 
soundscape. The CNN models employed in this study 
classify urban sounds through Mel spectrograms derived 
from a self-collected UP3 audio dataset (including recordings 
from Popayán, Santiago de Compostela, and Venice) and the 
well-known ESC50 and US8K datasets. This result confirms 
CNNs’ ability to identify the diverse sounds produced within 
urban soundscapes by means of spectrograms obtained 
from audio recordings [45]. 

Remarkably, a successful classification was achieved with 
the self-collected UP3 dataset (UP3-CNN model), despite 
the fact that the audios were sourced directly from the 
real-world acoustic environments of urban settings and 
their typically chaotic and overlapping character. Thus, 
it is possible to move beyond the limitations of previous 
studies that rely solely on established audio datasets, 
where sounds are often recorded in quiet or controlled 

https://orcid.org/0009-0008-3243-7684
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environments with minimal sound overlap [46]–[50]. With 
this in mind, our work posits that the central challenge of 
urban soundscape classification with CNNs lies in ensuring 
that their development is grounded in real-world scenarios. 
Only then can these types of models be useful and deployed 
in related applications, as is the case with monitoring urban 
soundscape quality through intelligent sensor networks or 
similar technologies [12], [51]. 

It should also be noted that the relatively lower performance 
of UP3-CNN compared to ESC50-CNN and US8K-CNN 
suggests that CNNs are less efficient at classifying overlapping 
urban sounds, especially with regard to sound classes such 
as BI and EM. Therefore, the automatic classification of urban 
soundscapes through spectrogram representations depends 
on strategically managing the overlap of sounds that tend to 
cause greater confusion during classification [52], [53].

Furthermore, this study corroborates that CNNs can 
classify the diverse sounds that compose anthropophony. 
This finding was verified through an analysis of confusion 
matrices, obtaining differentiated performances across 
diverse anthropophonic sound classes (EM, VM, social/
communal, and MT). This underscores the fact that CNNs can 
transcend the conventional classification of anthropophony 
as just a single class, which has been the norm in previous 
studies [54]. Overall, CNN models are flexible enough to 
be adapted for discriminating anthropophony into a much 
greater number of distinct sound classes, a capability that is 
essential in urban contexts, where human-generated sounds 
are the predominant component of the soundscape and 
significantly influence urban sound perceptions.

Conclusions

This study leverages the efficiency and performance of 
the proposed CNN models in soundscape classification 
in acoustic environments with and without sound overlap 
in urban areas. The best models for the UP3, ESC50, and 
US8K datasets were UP3-CNN, ESC50-CNN, and US8K-
CNN, with accuracy rates of 75.6, 84.55, and 83.30%, 
respectively. Indeed, the models revealed their ability to 
address the automatic broad taxonomic classification of 
urban soundscapes, using Mel spectrograms to differentiate 
urban sounds in data from real acoustic environments (with 
sound overlap) and other well-known datasets (without 
sound overlap).

The limitations of this study lie in its small number of labeled 
samples from real-world urban soundscapes and in the 
mismatch between predefined classes in public datasets 
and standard urban soundscape taxonomy. Future studies 
should address this limitation by employing more dedicated 
data augmentation techniques or similar methods. Another 
important future direction is to improve the classification of 
urban sounds that frequently overlap, such as S and MT, 
by adopting advanced labeling strategies, such as multi‑label 
annotations. Likewise, expanding the urban soundscape 

taxonomy for automatic classification is another path to 
follow. For instance, it would be beneficial to include 
different kinds of vocal sounds, depending on whether 
they originate from people talking, laughing, or singing. 
Apart from the recognition of sound classes, other aspects 
of urban soundscapes, such as emotional responses to 
sound or cultural sound preferences across different urban 
contexts, should also be considered. 

Finally, we believe it to be of particular importance that 
we have designed and used CNN models to automatically 
detect sounds based on an urban soundscape taxonomy 
while including mixed sounds from the environment. This 
opens an opportunity to think about the adaptation of 
other AI models for managing the classification of massive 
amounts of acoustic information in urban settings. By 
developing such adaptable models, we are confident that a 
better understanding of urban soundscapes can be achieved, 
thereby informing strategies that enhance human health, 
livability, and well-being in the cities of tomorrow.
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