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 A B S T R A C T

Monitoring acoustic environments in urban ecosystems poses a major challenge due to the temporal and 
spatial variability of soundscapes. Long-term data collection, often extending over a year, is recommended 
by regulations to establish reliable acoustic profiles, but such efforts are resource-intensive. In this study, we 
introduce a computational ecology approach to predict long-term acoustic patterns in cities using optimized 
combinations of time intervals as input for artificial neural networks. Unlike conventional methods relying on 
a single temporal window, our framework evaluates paired time intervals to enhance predictive performance 
and capture the dynamics of complex urban soundscapes. Multiple neural network architectures were designed 
and comparatively assessed, demonstrating that 2-slot datasets consistently improved classification accuracy 
and Balanced Accuracy Micro-Averaging across all categories. On average, temporal pairing increased Balanced 
Accuracy from 0.576 to 0.763 in the most variable category, reflecting a 32.4% improvement. These results 
highlight the importance of temporal diversity in ecological data modeling and underscore the potential of 
computational techniques to optimize temporary monitoring stations. The proposed method supports more 
efficient, data-driven strategies for environmental noise prediction, with direct implications for sustainable 
urban ecosystem management and decision-making in the context of global environmental change.
1. Introduction

Sound environments, or soundscapes, are increasingly recognized 
as a key ecological factor influencing the quality of life in urban 
ecosystems (Zipf et al., 2020). Excessive noise emissions represent one 
of the most pervasive environmental stressors, with implications not 
only for human well-being but also for biodiversity, species distribu-
tion, and the overall functioning of urban ecological systems. Urban 
acoustic environments present several major challenges: their strong 
spatial and temporal variability (Liu et al., 2013), the coexistence of 
multiple and overlapping sound sources, such as traffic, industrial, 
recreational, and natural ones, (Kang et al., 2016), and the need for 
detailed monitoring and predictive modeling (Aletta et al., 2016). Ad-
dressing these issues demands advanced data-driven strategies capable 
of capturing the complex dynamics of sound within urban ecosystems. 
Recent studies have highlighted the considerable spatio-temporal het-
erogeneity of soundscapes and the limitations of traditional monitoring 
networks, underscoring the importance of predictive and perception-
aware approaches in environmental noise management (Basner and 
McGuire, 2018).

The European Directive 2002/49/EC establishes a framework for 
the standardized assessment and management of environmental noise, 
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aiming to unify procedures and metrics across member states. Its pri-
mary objective is to mitigate, prevent, and reduce the adverse effects 
of noise pollution, including annoyance, for citizens exposed to various 
sound sources (European Commission, 2002). The directive encourages 
urban areas and city clusters to develop strategic noise maps (SNMs) 
and make the results publicly accessible. These maps serve as the 
foundation for action plans targeting noise reduction in areas with 
elevated noise exposure, known as noise exposure protection areas. 

In recent years, many large cities have begun deploying wireless 
acoustic sensor networks (WASNs) using IoT technologies (Zanella 
et al., 2014). These networks are designed to collect sound data, which 
can be analyzed to refine SNMs and inform action plans for noise 
prevention and mitigation. WASNs typically consist of two main types 
of sensors: fixed-location stations for continuous, long-term monitoring 
and temporary stations for short-term assessments. Fixed stations are 
permanently installed at a single location, enabling continuous noise 
monitoring to detect trends and seasonal variations. In contrast, tempo-
rary stations are deployed at specific locations for predefined intervals 
(ranging from minutes to days) to capture short-term acoustic data. 
Temporary stations may include mobile sensors on vehicles equipped 
with geopositioning systems, standalone sensors deployed for limited 
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durations, or conventional sound-measuring devices such as sound 
level meters (Garrido et al., 2019). However, using short-term data 
to identify environmental acoustic patterns is challenging because it 
often fails to account for seasonal effects, such as those associated with 
holidays or weekends (Fernandez-Prieto et al., 2020).

As recommended by Directive 2002/49/EC (European Commis-
sion, 2002), recognizing environmental acoustic patterns typically re-
lies on long-term noise indicators, such as averaged or median values 
over at least a year. Based on these long-term statistics, two primary 
types of patterns are commonly identified: special regime areas, where 
noise levels exceed high thresholds, and quiet areas, where noise 
levels remain below low thresholds. In contrast, temporary stations 
are deployed to complement the spatial coverage of the fixed network 
by capturing short-term measurements at specific sites or periods; 
Their main purpose is to update and refine Strategic Noise Maps 
(SNMs) and to evaluate areas not permanently monitored. In this study, 
the information collected from temporary stations is further exploited 
through machine learning models to infer the long-term acoustic pat-
tern of a site based on short-term observations, thereby enhancing the 
operational utility of temporary monitoring campaigns.

Previous studies have used supervised and unsupervised machine 
learning techniques to analyze sound in urban areas (Bianco et al., 
2019), focusing primarily on classifying the acoustic environment
(Bonet-Solà and Alsina-Pagès, 2021; Ullo et al., 2021). Moreover, 
machine learning methods have been widely applied to process audio 
data captured by stations to identify sources such as traffic, industrial 
activities, or natural sounds (Bilen et al., 2020; Nagy et al., 2020). 
Recent literature further highlights the versatility of machine learning 
in analyzing acoustic data for various purposes. For example, some 
studies focus on assessing traffic noise annoyance (Bravo-Moncayo 
et al., 2019), while others classify environmental noise (Albaji et al., 
2023) or predict noise levels and emissions from household backup 
generators (Giwa et al., 2024). In urban contexts, machine learn-
ing has been effectively applied to monitor and predict traffic noise 
maps (Zambon et al., 2018) and analyze measurements to predict 
noise levels (Wen and Huang, 2020). Wireless sensor networks, com-
bined with machine learning, have been used for long-term noise 
monitoring (Peckens et al., 2018) and acoustic event recognition (Luo 
et al., 2020), providing innovative approaches to tackle noise pollution 
challenges. In addition, unsupervised learning techniques have demon-
strated potential in clustering WASN nodes based on similar acoustic 
behaviors (Pita et al., 2021, 2022). These clustering methods allow 
for the recognition of complex patterns, enabling the development 
of tailored strategies and the redefinition of acoustic zones in urban 
areas. Such advancements provide city managers with valuable tools to 
improve urban soundscapes and implement effective noise mitigation 
strategies.

In a previous study by the same authors (Navarro and Pita, 2023), 
the use of supervised machine learning techniques, specifically artificial 
neural networks (ANN), was proposed to predict the category of long-
term acoustic behavior of a location based on short-term data. This 
approach enables temporary stations to estimate the long-term envi-
ronmental acoustic pattern of a site, typically derived from year-long 
data, using only short-term acoustic measurements.

This proposed method accurately predicts the acoustic patterns of 
sites that showed low variability in sound pressure levels. However, 
a negative correlation was observed between variability and model 
performance, with patterns exhibiting higher variability resulting in 
lower prediction accuracy, which makes it difficult to identify some 
patterns of acoustic behavior.

The current research builds upon previous work with two main 
contributions: improving the overall prediction accuracy of the models 
and developing a systematic approach to predict behavioral patterns 
associated with high variability in sound pressure levels.

The current research builds upon previous work with two main 
contributions: improving the overall prediction accuracy of the models 
2 
and developing a systematic approach to predict behavioral patterns 
associated with high variability in sound pressure levels. In this study, 
prediction accuracy is enhanced by introducing temporal diversity 
through the use of 2-slot short-term datasets, which combine non-
contiguous hourly intervals to capture the daily variability of urban 
soundscapes. In addition, several feed-forward artificial neural net-
work architectures with different depths and neuron configurations 
are evaluated to identify the most robust design for environmental 
acoustic pattern classification. Together, these contributions establish a 
systematic framework for modeling and predicting acoustic behaviors 
characterized by high variability in sound pressure levels, extending the 
capabilities of previous approaches based on single time-slot datasets.

2. Materials and methods

2.1. Data collection and processing

The data used in this study consists of sound pressure level measure-
ments collected from 70 fixed acoustic nodes deployed across Barcelona 
(BCN), Spain, as part of a WASN. The spatial distribution of these nodes, 
covering representative urban functional areas such as residential, com-
mercial, and leisure zones, was described and mapped in detail in a 
previous study (Pita et al., 2021), which also provides an interactive 
Python script for geographic exploration of node locations and spatial 
density. The same node configuration and spatial coverage were used in 
the present work to ensure methodological consistency. The design and 
deployment of this network are detailed in previous works by Camps 
(2015) and Farrés and Novas (2018). Each node is equipped with a 
Cesva TA120 sonometer (Anon, 2023), which continuously monitors 
sound pressure levels 24 h a day, 7 days a week. These devices comply 
with IEC 61672-1 Class 1 standards, providing an accuracy of ±1 dB 
and a resolution of 0.1 dB within a linear measurement range of 35 
to 120 dBA. These devices calculate the A-weighted equivalent sound 
pressure level for each minute (𝐿Aeq1𝑚), as defined by ISO1996-2 (ISO 
1996-2:2017, 2017). The formula for 𝐿Aeq1𝑚 is expressed as: 

𝐿eq1𝑚 = 10 ⋅ log

[

1
60 ∫

𝑡0+60

𝑡0

𝑝2(𝑡)
𝑝20

d𝑡

]

 dBA, (1)

where [𝑡0, 𝑡0 + 60] represents a 1-minute interval starting at 𝑡0, 𝑝(𝑡) is 
the sound pressure at time 𝑡 in Pascals (𝑃𝑎), and 𝑝0 = 20 μ𝑃𝑎 is the 
reference sound pressure level.

From 2018 to 2020, over 97 million 𝐿Aeq1𝑚 records were cap-
tured by the 70 nodes and exported from the Barcelona smart city 
platform. The data were processed and standardized into consistent 
formats suitable for subsequent analysis, including several preprocess-
ing steps to ensure quality and compatibility across nodes. During the 
curation phase, null values resulting from sensor failures and main-
tenance activities were removed to ensure data quality. In addition, 
a comprehensive exploratory data analysis (EDA) was conducted to 
assess the consistency and reliability of the measurements, using visual 
inspection through line plots, violin plots, and histograms to explore the 
distributions of sound pressure levels across sensors and time periods. 
To guarantee data reliability, measurements outside the operational 
limits specified by the Cesva TA120 manufacturer (below 35 dBA or 
above 120 dBA) were removed. Beyond these thresholds, no additional 
outlier filtering was applied, since in short-term acoustic captures it 
is generally not possible to identify outliers reliably. For instance, if 
construction activity occurs near a sensor, sound pressure levels may re-
main consistently elevated during the entire hour, making it impossible 
to distinguish them from valid but transient acoustic conditions. Never-
theless, during supervised short-term monitoring campaigns, operators 
can follow standardized measurement protocols to record contextual 
information and identify external factors, such as construction works, 
events, or adverse weather, that may affect the representativeness 
of the data. Further information on the basic statistics and record 
availability for each node is provided in Pita et al. (2021).
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To train and evaluate the machine learning models, 300 curated 
datasets were prepared: 24 datasets representing one-hour time slots 
of the day (1-slot datasets), and 276 datasets representing all possible 
combinations of two distinct one-hour time slots (2-slot datasets). 
Each of the 24 1-slot dataset representing each hour, contains one 
instance/row for every combination of node × day during the study 
period, where each instance comprises 60 one-minute sound pressure 
level values corresponding to that hour as a columns. Similarly, each 
of the 276 2-slot dataset, representing a pair of hours, includes one 
instance for every node × day combination, with 120 one-minute 
measurements (60 for each hour) as a columns. For example, each 
instance in a 1-slot dataset for hour X (1-slot Xh) includes all sound 
pressure level values measured from X:00 to X:59 (hh:mm format), 
while each instance in a 2-slot dataset for hours X and Y (2-slot Xh & 
Yh) includes sound pressure level values from both X:00-X:59 and Y:00-
Y:59 for all nodes and all days between January 2018 and December 
2020.

To prepare these datasets for model training and evaluation using 
the machine learning technique outlined in Section 2.3, several pre-
processing steps were applied. First, any hourly instances containing 
missing minute-level values were excluded to ensure that each dataset 
consisted only of complete one-hour observations. This step followed 
the initial curation phase, where individual minute-level null records 
were removed. Then, to preserve the temporal continuity of acoustic 
patterns, a chronological split was adopted instead of a random divi-
sion. Specifically, all valid instances recorded during 2018 were used 
as the training set, while those from 2019 were reserved as the test set. 
This temporal partition ensures that the model is trained on past ob-
servations and evaluated on subsequent, non-overlapping data, thereby 
providing a more realistic assessment of predictive performance under 
real-world temporal conditions, as described in Section 2.4.

2.2. Environmental acoustic pattern

To assess the acoustic behavior of an environment, European Direc-
tive 2002/49/EC (European Commission, 2002) recommends using the 
𝐿Aeq𝑇  indicators for the day, evening, and night periods over a 24-hour 
cycle, recorded daily for a full year at a specific monitoring station. 
These indicators are denoted as 𝐿d1𝑦, 𝐿e1𝑦, and 𝐿n1𝑦, respectively. 
Additionally, the directive introduces the composite indicator DEN 
(day, evening, night), represented as 𝐿den, for an integrated assessment 
of noise levels over the specified period. To capture temporal variations 
in sound pressure levels across the daily intervals, the yearly standard 
deviation of 𝐿den1𝑑 , denoted as 𝑠𝑑1𝑦(𝐿den1𝑑), has been proposed as a 
measure of annual variability or fluctuation in sound pressure lev-
els (Pita et al., 2021, 2022). In these prior studies, these four acoustic 
indicators, calculated from the dataset, were used to identify several 
environmental acoustic patterns in Barcelona (BCN) and classify each 
acoustic node into one pattern category.

The behavioral categories of urban noise environments are classified 
based on sound pressure levels and variability. Category 1 includes 
high-traffic areas with steady noise levels and low variability, typically 
peaking during rush hours. Category 2 represents medium-density ur-
ban zones with moderate to high noise levels and variability, influenced 
by various activities. Category 3 corresponds to shopping and nightlife 
areas with consistently high and highly variable noise, driven by human 
and commercial activities. Finally, Category 4 refers to quiet residential 
zones with low noise levels and occasional variability due to transient 
sources. The average acoustic indicator values (centroids) that define 
these four behavioral categories are presented in Table  1.

Table  1 presents the mean values of the four noise indicators 
previously defined for each pattern category. The first category, con-
sisting of 23 nodes, exhibits the highest sound pressure values (𝐿d1𝑦, 
𝐿e1𝑦, and 𝐿n1𝑦). The second category, which includes 27 nodes, shows 
intermediate sound pressure values, while the fourth category, com-
prising 11 nodes, has the lowest values. These categories thus corre-
spond to nodes with high, medium, and low sound pressure levels, 
3 
respectively, based on this consistent pattern. Additionally, a negative 
correlation is observed between sound pressure levels and their vari-
ability (𝑠𝑑1𝑦(𝐿den1𝑑)). The remaining third category, associated with 
nine nodes, shows a distinct behavior. In this group, evening sound 
pressure levels are higher than those during the day or night, which are 
relatively similar. Furthermore, this third category exhibits the greatest 
variability among all categories.

These environmental acoustic patterns can be related to urban 
characteristics such as road typology, land use, or the presence of 
specific noise sources. Identifying these relationships helps to inter-
pret the meaning of each pattern within the urban context and to 
connect acoustic behaviors with the functional structure of the city. 
This type of analysis was conducted in a previous study (Pita et al., 
2021), where the clusters were compared with the Strategic Noise 
Map (SNM) of Barcelona, demonstrating how the identified acoustic 
patterns correspond to real urban morphology and noise exposure 
zones. Understanding these relationships also highlights the importance 
of being able to predict acoustic behaviors, as it allows city managers to 
anticipate how changes in urban dynamics might affect environmental 
sound conditions.

2.3. Neural networks models

To estimate the target variable or behavior category described in 
Section 2.2, supervised learning algorithms were applied using the 
curated datasets outlined in Section 2.1. Specifically, multiple feed-
forward multilayer artificial neural networks (McCulloch and Pitts, 
1943) were developed and evaluated. In this study, the notation
𝑁𝑒𝑡_𝑋_1_… _𝑋_𝑛_𝑌  is used to represent a feed-forward ANN architec-
ture with 𝑛 hidden layers, where the 𝑖th hidden layer contains 𝑋_𝑖
neurons, and the output layer consists of 𝑌  neurons. Specifically, nine 
different architectures, with varying numbers of hidden layers and 
neuron configurations, were trained using the 300 datasets described 
in Section 2.1, resulting in a total of 2700 models for comparison. 
The nine architectures are as follows: 𝑁𝑒𝑡_16_4, 𝑁𝑒𝑡_32_4, 𝑁𝑒𝑡_64_4, 
𝑁𝑒𝑡_16_16_4, 𝑁𝑒𝑡_32_32_4, 𝑁𝑒𝑡_64_32_4, 𝑁𝑒𝑡_16_16_16_4, 𝑁𝑒𝑡_32_32_32_4
and 𝑁𝑒𝑡_64_32_16_4. It is important to note that all models share a 
common structure, with 120 neurons in the input layer and four 
neurons in the output layer.

Each hidden layer uses a Rectified Linear Unit (ReLU) activation 
function, while the output layer employs a Softmax activation function 
to produce class probabilities. The models were trained using the RM-
Sprop optimizer with a learning rate of 0.001, momentum coefficient 
(𝜌) of 0.9, and an epsilon value of 1×10−7. The categorical cross-entropy 
loss function was used to minimize classification error, and accuracy 
was selected as the primary performance metric. These configurations 
were chosen to ensure numerical stability and efficient convergence 
across all trained models.

2.4. Performance metrics

To evaluate the performance of the models, several multiclass clas-
sification metrics were considered, providing a comprehensive assess-
ment of their classification capabilities (Farhadpour et al., 2024; Gran-
dini et al., 2008). These metrics include Accuracy, Balanced Accuracy 
Micro-Averaging, Precision, and Recall.

The metric notation is as follows: for each category 𝑖, 𝑇𝑃𝑖 represents 
the number of true positives, 𝑇𝑁𝑖 the true negatives, 𝐹𝑃𝑖 the false 
positives, and 𝐹𝑁𝑖 the false negatives for the binary classification 
problem of category 𝑖 versus all. In addition, 𝑁 denotes the total 
number of instances, and 𝐶 represents the total number of categories.

Accuracy measures the proportion of correctly classified instances 
over the total number of instances. It is defined as: 

Accuracy =
∑𝐶

𝑖=1 𝑇𝑃𝑖

𝑁
(2)
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Table 1
Environmental acoustic pattern classification of BCN WASN (adapted from Pita, Navarro, and Rodriguez Pita 
et al., 2021).
 Category 𝐿d2019(dB) 𝐿e2019(dB) 𝐿n2019(dB) 𝑠𝑑2019(𝐿den1𝑑 ) Nodes 
 1 70.74 70.79 66.39 1.50 23  
 2 66.40 66.04 62.28 2.06 27  
 3 66.05 68.25 66.71 3.78 9  
 4 61.11 60.57 56.24 2.61 11  
Precision quantifies the proportion of true positives among pre-
dicted positive instances, highlighting the ability of the model to avoid 
false positives. For each category 𝑖, it is defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
(3)

Recall, also known as sensitivity, measures the proportion of true 
positives correctly identified by the model among all actual positive 
instances. For each category 𝑖, it is defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
(4)

The Balanced Accuracy metric is used to evaluate the performance 
of binary classification models, particularly in the presence of class 
imbalance. It is calculated as the arithmetic mean of the True Positive 
Rate (TPR), also known as recall or sensitivity, and the True Negative 
Rate (TNR), also referred to as specificity or precision of the negative 
class. This approach ensures that the metric takes into account the 
classifier’s ability to correctly predict both positive and negative classes. 
The formula for Balanced Accuracy, for each category 𝑖, is given by: 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖 =
𝑇𝑃𝑅𝑖 + 𝑇𝑁𝑅𝑖

2
(5)

where:

𝑇𝑃𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝑇𝑁𝑅𝑖 =
𝑇𝑁𝑖

𝑇𝑁𝑖 + 𝐹𝑃𝑖
Balanced Accuracy Micro-Averaging combines the concept of Bal-

anced Accuracy, which accounts for class imbalance, with a micro-
averaging approach that weights each class’s contribution according to 
its size, i.e. treating all instances equally. It is calculated as a weighted 
average of the Balanced Accuracy for each class, with the weights 
corresponding to the number of instances in each class. The formula 
is given by: 

Balanced Accuracy Micro-Averaging =
∑𝐶

𝑖=1 𝑁𝑖 ⋅ Balanced Accuracy𝑖
∑𝐶

𝑖=1 𝑁𝑖

(6)

where 𝐶 is the total number of classes, 𝑁𝑖 is the number of instances 
in class 𝑖, Balanced Accuracy𝑖 = 1

2

(

𝑇𝑃𝑖
𝑇𝑃𝑖+𝐹𝑁𝑖

+ 𝑇𝑁𝑖
𝑇𝑁𝑖+𝐹𝑃𝑖

)

 represents 
the Balanced Accuracy for class 𝑖, and 𝑇𝑃𝑖, 𝐹𝑁𝑖, 𝐹𝑃𝑖, and 𝑇𝑁𝑖 are 
respectively the true positives, false negatives, false positives, and true 
negatives for class 𝑖. This formulation ensures that the contribution of 
each class to the overall metric reflects its representation in the dataset, 
making it particularly useful for evaluating models in datasets with 
imbalanced class distributions.

These metrics collectively provide a robust framework to assess the 
performance of the models, ensuring that both class-specific and overall 
evaluation criteria are addressed.

2.5. Evaluation

The evaluation process in this study is structured into three key 
stages, each aimed at assessing the datasets, comparing model perfor-
mance, and identifying optimal conditions for prediction.

First, dataset evaluation is conducted by calculating the average 
accuracy of all models for each dataset. This analysis provides insight 
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Table 2
Summary of performance metrics for each neural network model trained on 
1-slot datasets and 2-slot datasets. The table includes the mean Accuracy and 
Balanced Accuracy Micro-Averaging for each model.
 Model Accuracy BalAccuracyMA

 1-slot 2-slot 1-slot 2-slot  
 Net_16_4 0.4127 0.4176 0.5470 0.5529 
 Net_32_4 0.3962 0.4028 0.5519 0.5576 
 Net_64_4 0.3669 0.3868 0.5264 0.5473 
 Net_16_16_4 0.4483 0.4592 0.5697 0.5840 
 Net_32_32_4 0.4589 0.4659 0.5815 0.5923 
 Net_64_32_4 0.4680 0.4720 0.5890 0.5948 
 Net_16_16_16_4 0.4751 0.5006 0.5989 0.6170 
 Net_32_32_32_4 0.4984 0.5084 0.6228 0.6268 
 Net_64_32_16_4 0.4581 0.4639 0.5699 0.5832 

into dataset quality and its suitability for training predictive models. By 
examining the average accuracy across models, it is possible to deter-
mine whether 1-slot or 2-slot datasets are more effective for predicting 
environmental acoustic patterns. Second, model comparison focuses 
on identifying the architecture that achieves the highest performance 
across datasets. Accuracy serves as the primary evaluation metric, as 
it quantifies the proportion of correctly classified instances, offering an 
interpretable measure of model effectiveness. This analysis facilitates 
the selection of the most robust model for the classification task.

Finally, once the best-performing model is identified, further anal-
ysis is conducted using the Balanced Accuracy Micro-Averaging metric 
to determine the optimal time slot combinations. Balanced Accuracy 
Micro-Averaging accounts for class imbalances, providing a fairer as-
sessment of model performance across different categories. Evaluat-
ing Balanced Accuracy Micro-Averaging for each time slot pair helps 
identify scenarios where the model achieves the highest predictive 
reliability, supporting more targeted applications.

This three-stage evaluation framework ensures a comprehensive 
analysis of both datasets and models, leading to a deeper understanding 
of the conditions under which the selected model performs optimally.

3. Results and discussion

3.1. Type dataset comparison

To evaluate dataset performance, models trained on 1-slot datasets 
were compared with those trained on 2-slot datasets. Table  2 summa-
rizes the performance metrics for each model trained on both dataset 
types. For all nine ANN architectures, the models trained on 2-slot 
datasets outperformed their 1-slot counterparts in both Accuracy and 
Balanced Accuracy Micro-Averaging. The magnitude of this improve-
ment varied across architectures. For instance, the largest increase was 
observed for the 𝑁𝑒𝑡_64_4 model, rising from 0.3669 to 0.3868 (a 
relative improvement of 5.42%) in terms of Accuracy and from 0.5264 
to 0.5473 (a relative improvement of 3.97%). A Wilcoxon signed-rank 
paired test was conducted to statistically validate this improvement, 
yielding a 𝑝-value of 0.001953 for the one-tailed comparison and 
0.003906 for the two-tailed comparison. These results confirm that 
the 2-slot configuration systematically outperforms the 1-slot approach 
with statistical significance.
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Fig. 1. heat-map showing the maximum Balanced Accuracy Micro-Averaging achieved by models for each 2-slot. Each cell represents a specific time slot pair, 
with the color intensity indicating the maximum Balanced Accuracy Micro-Averaging.
 

To further analyze model performance, the maximum Balanced 
Accuracy Micro-Averaging values obtained using the 2-slot datasets 
are presented in Fig.  1. The Balanced Accuracy Micro-Averaging met-
ric, which accounts for class imbalance, exceeds 0.73 in the best-
performing 2-slot configurations. The analysis indicates that the highest 
Balanced Accuracy Micro-Averaging values consistently occur for time 
slot pairs that include peak activity hours. Specifically, combinations 
such as 21 h–23 h (night) with 0 h–6 h (morning) yield the best 
results, with Balanced Accuracy Micro-Averaging values surpassing 
0.73. These time periods likely capture a broader and more diverse 
range of acoustic patterns, improving the ability of the model to classify 
environmental acoustic behaviors accurately. In particular, Table  3 
presents the top 15 configurations ranked by Balanced Accuracy Micro-
Averaging. The highest recorded performance is 0.7868 for the 4 h 
and 22 h time slots, followed by the 5 h & 21 h and 01 h & 22 h 
configurations.

Conversely, the analysis also identified configurations in which 
model performance was considerably lower. The lowest Accuracy value 
among all 2-slot combinations was obtained with the Net_32_4 ar-
chitecture for the 16 h & 19 h pairing, reaching only 0.0942 and a 
Balanced Accuracy Micro-Averaging of 0.4980. These results highlight 
that temporal window selection is a critical factor, as certain hour pairs 
can substantially degrade model performance.

To assess the robustness of the obtained results and better under-
stand the influence of the temporal configuration, a sensitivity analysis 
was conducted on the best-performing architecture (𝑁𝑒𝑡_32_32_32_4) 
(As will be shown in Section 3.2). For each pair of time slots, ten 
independent training runs were performed with randomized initializa-
tions, and the mean accuracy, standard deviation, and 95% confidence 
intervals were calculated. The results were then ordered by deciles 
to identify the most consistent temporal combinations. The analysis 
revealed that the highest-performing decile (Decile 10) was dominated 
by 2-slots combining nighttime and early-morning hours (1–5 a.m. and 
20–23 p.m.). These pairs consistently achieved higher mean accuracies 
with lower standard deviations. For example, the 4 h & 22 h pairing 
achieved the highest mean Accuracy value of 0.6346, with a 95% 
5 
Table 3
Best 2-slot dataset by Balanced Accuracy Micro-Averaging Model Performance.
 Model 2-slot Accuracy BalAccuracyMA 
 Net_32_32_32_4 04 h & 22 h 0.7018 0.7868  
 Net_16_16_16_4 05 h & 21 h 0.7012 0.7697  
 Net_16_16_16_4 01 h & 22 h 0.6921 0.7593  
 Net_32_32_32_4 09 h & 23 h 0.6606 0.7464  
 Net_32_32_16_4 05 h & 21 h 0.6644 0.7462  
 Net_32_16_8_4 00 h & 23 h 0.6646 0.7408  
 Net_32_32_32_4 01 h & 07 h 0.6464 0.7395  
 Net_16_16_16_4 02 h & 05 h 0.6469 0.7379  
 Net_32_32_16_4 03 h & 06 h 0.6384 0.7373  
 Net_64_32_16_4 00 h & 16 h 0.6476 0.7369  
 Net_32_32_32_4 21 h & 22 h 0.6640 0.7366  
 Net_16_16_16_4 20 h & 21 h 0.6603 0.7360  
 Net_32_32_32_4 00 h & 02 h 0.6408 0.7331  
 Net_32_32_32_4 03 h & 05 h 0.6431 0.7326  
 Net_64_32_16_4 04 h & 23 h 0.6511 0.7323  

confidence interval ranging from 0.6072 to 0.6619, whereas the 4 h & 
8 h combination resulted in the lowest mean Accuracy (0.3548), with 
a substantially wider and lower confidence interval (0.2636–0.4460). 
These results indicate that the acoustic conditions during nighttime and 
early-morning periods are more stable and discriminative across urban 
categories, which facilitates the identification of long-term acoustic 
patterns from short-term measurements.

3.2. Neural network performance comparison

Finally, the performance of the nine neural network models trained 
on the 2-slot datasets is compared. These models are categorized based 
on their architecture: three with a single hidden layer (light blue), three 
with two hidden layers (blue), and three with three hidden layers (dark 
blue).

Fig.  2 shows a detailed visualization of the best-performing model 
for each 2-slot based on the highest Balanced Accuracy Micro-Averaging
achieved. Each cell in the heat-map corresponds to a specific 2-slot, 
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Fig. 2. Heat-map showing the best-performing neural network model for each 2-slot. Each cell represents a specific time slot pair, with colors indicating the 
model that achieved the highest Balanced Accuracy Micro-Averaging. Light blue denotes models with a single hidden layer, blue color models with two hidden 
layers, and dark blue color models with three hidden layers.
with colors representing the neural network architecture that attained 
the highest Balanced Accuracy Micro-Averaging. A gradient of blue 
shades differentiates the number of hidden layers: light blue denotes 
models with a single hidden layer, blue represents models with two 
hidden layers, and dark blue indicates models with three hidden layers.

This visualization enables a clear comparison of models perfor-
mance across each 2-slot, demonstrating that the three-hidden-layer 
architecture outperforms others in most cases. Specifically, it achieves 
the highest Balanced Accuracy Micro-Averaging in 213 out of 276 2-
slot datasets (77.17%), followed by the two-hidden-layer models, which 
perform best in 56 cases (20.29%), and the single-hidden-layer models, 
which achieve top performance in only 7 cases (2,54%). When consid-
ering the Accuracy metric, the three-hidden-layer architecture exhibits 
even greater dominance, leading in 216 out of 276 cases (78.26%). 
These results suggest that the additional complexity introduced by 
three hidden layers enhances the ability of the model to capture in-
tricate patterns in the acoustic data. The consistent performance of this 
architecture highlights its robustness in modeling temporal relation-
ships between paired time slots, further emphasizing the advantages 
of deeper neural networks for this task.

Fig.  3 summarizes the quantity of 2-slot datasets for which each 
model achieves the highest Balanced Accuracy Micro-Averaging. The 
𝑁𝑒𝑡_32_32_32_4 model stands out as the best-performing architecture, 
leading in 99 out of 276 2-slot datasets (35.87%). When considering the 
Accuracy metric, its dominance remains consistent, leading in 96 out of 
276 cases (34.78%). These results highlight the reliability of the model 
and robustness across various temporal combinations, reinforcing its 
suitability for this classification task.

3.3. Category performance

Models trained on 1-slot datasets demonstrate inferior performance 
in predicting environmental behavioral categories characterized by 
higher variability in sound pressure levels (Navarro and Pita, 2023). 
This trend is particularly evident in Category 3, which corresponds to 
highly dynamic acoustic environments such as leisure or nightlife areas. 
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Table 4
Maximum Balanced Accuracy in each category on 1-slot datasets and 2-slot 
datasets.
 Method Category 1 Category 2 Category 3 Category 4 
 1-slot 0.8652 0.7536 0.5765 0.8601  
 2-slot 0.8835 0.7671 0.7631 0.8949  

As shown in Table  4, the maximum Balanced Accuracy for Category 
3 increased from 0.5765 (1-slot) to 0.7631 (2-slot), representing an 
improvement of approximately 32.4%.

This behavior is consistent with our previous findings (Navarro 
and Pita, 2023), where model performance was found to be inversely 
correlated with the daily variability of acoustic indicators, measured 
as 𝑠𝑑2019(𝐿𝑑𝑒𝑛1𝑑 ). Categories with higher volatility are inherently more 
difficult to predict due to their stochastic and transient nature. In-
corporating a second time slot provides additional temporal context 
that enables the models to capture complex transitions and fluctuating 
sound dynamics more effectively, resulting in more stable and con-
sistent predictions across variable urban sound environments. Future 
research could extend this analysis by examining the correlation be-
tween predictive improvement and variability indicators, as well as 
exploring adaptive temporal window strategies or confusion-pattern 
analyses to better understand inter-category boundaries and model 
misclassifications.

3.4. Computational performance

To complement the evaluation of predictive performance, the com-
putational cost associated with training and deploying the proposed 
neural network architectures was also examined. On average, training 
a single model on a 1-slot dataset required 10.73 s, whereas training on 
a 2-slot dataset required 18.78 s. Although the individual training time 
per model is only moderately higher for 2-slot inputs, the total training 
time differs substantially because the number of 2-slot configurations 
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Fig. 3. Bar chart showing the quantity of 2-slot datasets where for which each neural network model achieves the highest Balanced Accuracy Micro-Averaging.
(276) is considerably larger than the number of 1-slot datasets (24). 
In total, training all 1-slot models (24 datasets × 9 architectures) re-
quired approximately 2317 s (38 min), while training all 2-slot models 
(276 datasets × 9 architectures) required 46649.52 s (777.49 min, or 
12.95 h).

Despite this difference at dataset scale, the individual training cost 
remains low in both cases, and once a specific dataset and archi-
tecture are selected, the computational requirements do not pose a 
meaningful burden for practical applications. Furthermore, inference 
for all models operates on the order of milliseconds, confirming that the 
architectures are computationally lightweight and suitable for real-time 
or near-real-time deployment in urban acoustic monitoring systems. 
This efficiency is especially relevant for short-term mobile measure-
ment campaigns, where rapid classification is necessary to assist field 
operators or automated monitoring workflows.

All computations were performed on an AMD Ryzen 7 5800X 8-
Core CPU (3.80 GHz) with 32 GB RAM and an NVIDIA GTX 3050 
GPU (8 GB GDDR6). The ANN models were implemented in Keras 
with a TensorFlow 2.x backend, using GPU acceleration for training. 
These hardware and software characteristics further indicate that the 
proposed methodology can be executed efficiently on widely accessible 
computing platforms, without requiring high-end infrastructure.

4. Conclusions

This study presented a methodology for predicting long-term envi-
ronmental acoustic patterns using 2-slot short-term measurement and 
feed-forward artificial neural networks. The analysis assessed the effec-
tiveness of various neural network architectures and dataset configu-
rations to determine the most suitable approach for this classification 
task.

The results demonstrated that using 2-slot datasets to train and 
predict, consistently outperformed 1-slot datasets, both in average Ac-
curacy and Balanced Accuracy Micro-Averaging metrics. This enhance-
ment is especially pronounced in high-variability acoustic environ-
ments, such as those represented by Category 3, where the maximum 
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Balanced Accuracy increased from 0.5765 to 0.7631 (32.4%). This 
finding aligns with prior evidence that highly volatile acoustic patterns 
are harder to predict and confirms that additional temporal context 
strengthens the model’s ability to capture complex sound dynamics.

Among the nine ANN architectures evaluated, models with three 
hidden layers consistently outperformed those with one or two hidden 
layers, achieving the best performance in 213 out of 276 2-slot datasets 
(77.17%). Specifically, the 𝑁𝑒𝑡_32_32_32_4 architecture demonstrated 
the highest overall effectiveness, emerging as the top-performing model 
in 99 out of 276 2-slot datasets (35.87%) based on Balanced Accuracy 
Micro-Averaging and in 96 out of 276 2-slot datasets (34.78%) based 
on Accuracy. Its robust design allowed it to fully utilize the temporal 
richness of the two-hour datasets, resulting in superior classification 
performance.

The analysis also revealed that the best-performing temporal pairs 
tend to involve nighttime and early-morning hours. These periods 
exhibit greater acoustic stability and stronger inter-category separa-
bility, which enhances model discriminability. A dedicated sensitivity 
analysis, based on repeated training runs, confidence intervals, and 
variability assessments, confirmed the stability of these results across 
random initializations and temporal splits. Specifically, the 2-slot com-
bination of 4 h & 22 h resulted in a Balanced Accuracy Micro-Averaging 
of 0.7868 and an Accuracy of 0.7018.

In summary, the proposed approach effectively demonstrated the 
advantages of using 2-slot datasets and deep neural network archi-
tectures for environmental acoustic pattern recognition. The findings 
provide valuable insights for designing more efficient monitoring sys-
tems and support city managers in addressing noise pollution through 
enhanced temporal analysis.

The practical applicability of this methodology can be interpreted 
under two complementary scenarios. Cities that already operate wire-
less acoustic sensor networks and possess long-term data can use such 
information to train robust classification models and subsequently ap-
ply them with short-term (‘‘2-slot’’) measurements to predict the acous-
tic behavior of sites without permanent sensors or to forecast future 
conditions, identifying potential behavioral changes. This aligns with 
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the dynamic cluster evolution described in Cluster Analysis of Urban 
Acoustic Environments on Barcelona Sensor Network Data (Pita et al., 
2021). Conversely, municipalities without long-term datasets may ben-
efit from previously trained models, as urban areas have been shown 
to share recurrent acoustic behavior patterns (Pita et al., 2022). Such 
serialized models can be reused as baseline references, enabling short-
term classification without waiting for a full year of data collection. In 
both contexts, the reuse of long-term data for initial training and the 
operational application of short-term measurements provide a scalable 
framework for cities to monitor, forecast, and manage their acoustic 
environments efficiently.

Taken together, these findings confirm that the proposed 2-slot 
methodology provides a practical and scalable approach for predicting 
long-term acoustic behavior from short-term measurements. While in-
dividual Balanced Accuracy Micro-Averaging values around 78% may 
not reflect perfect classification, their practical usefulness depends on 
the operational context. In real deployments, short-term mobile mea-
surements can be repeated across different days and nearby locations, 
allowing temporal and spatial consistency checks that mitigate the im-
pact of isolated misclassifications. This makes the approach a valuable 
complement to fixed monitoring networks, enabling cost-efficient large-
scale noise assessment and the early detection of behavioral shifts in the 
urban soundscape.

Future research could extend the methodology presented in this 
study by examining whether the inclusion of three or more time slots 
continues to improve predictive performance or whether it reaches 
a plateau beyond a certain temporal resolution, thereby identifying 
an optimal balance between data granularity and model accuracy. 
Additionally, subsequent studies should assess the economic and com-
putational implications of increasing temporal coverage, quantifying 
the trade-offs between accuracy, model complexity, and resource con-
sumption in large-scale urban acoustic monitoring systems. Another 
relevant direction is the exploration of potential data imbalance issues, 
particularly when applying the methodology to cities or datasets with 
uneven class distributions. Incorporating balancing strategies — such 
as oversampling, class weighting, or synthetic data generation — may 
further enhance the robustness and generalization capability of the 
proposed framework.
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