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Abstract

Identifying noise sources in exceedance-triggered audio is essential for targeted source
tracing and sustainable urban social noise governance. While accurate models require
massive labeled data, the acoustic complexity, high redundancy, and imbalanced class
distributions of real-world recordings incur prohibitive manual annotation costs, hindering
their widespread application in IoT networks. To tackle this bottleneck, we present a label-
efficient active learning framework designed to minimize annotation costs by dynamically
selecting the most valuable audio samples. Specifically, rather than treating uncertainty,
class balance, and diversity as separate query criteria, it encodes uncertainty and dynamic
class-aware learning needs into a weighted acoustic feature space, so that diversity-based
selection can be performed in a unified manner. Experiments on the UrbanSound8K
benchmark and a realistic exceedance-triggered monitoring dataset demonstrate consistent
label-efficiency advantages over mainstream methods. Notably, our approach reaches
98% of the fully supervised upper bound on the real-world dataset while reducing the
training annotation workload by 85.0% compared to random sampling. On the real-world
dataset, the proposed framework yields higher F1-scores for several challenging under-
represented categories and reduces the misclassification of dominant sound events relevant
to social noise source tracing. Furthermore, cross-site generalization experiments reveal
rapid localized adaptation to new monitoring environments, reaching the fully supervised
upper bound with only 13% of the target-domain training data. Overall, this study provides
a scalable and cost-effective classification framework for urban noise monitoring, offering
practical support for noise regulatory authorities and city managers in more targeted noise
source tracing and governance.

Keywords: social noise; source tracing; audio classification; active learning; label efficiency

1. Introduction
Environmental noise pollution has become a crucial public health problem with rapid

urbanization. Long-term exposure to high noise levels increases the risk of developing
cardiovascular disease, sleep disturbance, and cognitive impairment [1–3]. Among various
noise sources, social noise, defined by Chinese noise regulations as generated by residents’
daily living and social activities, has a particularly direct impact on urban dwellers [4].
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Its scattered and frequent occurrence within residential neighborhoods not only leads
to extensive public complaints, but also poses a significant challenge to environmental
monitoring and governance [5,6]. Current environmental noise regulation mainly relies
on sound pressure level (SPL) limitations [7,8] to detect exceedances. However, SPL
measurements fall short of identifying specific noise sources, thereby limiting targeted
pollution control [9,10]. With the widespread deployment of Internet of Things (IoT)-based
automatic noise monitoring networks in major cities [11,12], they can automatically record
audio whenever the sound level exceeds the threshold [13]. Using such data to classify
dominant noise sources will support essential source tracing, catalyzing a crucial transition
from passive monitoring to refined and sustainable urban noise governance [9].

Identifying dominant noise sources (e.g., square dancing, crowd clamor) of each
exceedance-triggered recording is a typical audio classification task, for which deep learn-
ing models such as convolutional neural networks (CNNs) offer a reliable technical solu-
tion [14–17]. Training accurate models generally requires large-scale, accurately labeled
data [18,19]. Nevertheless, IoT-based monitoring networks produce a large amount of au-
dio data that is often acoustically mixed and highly redundant, making manual annotation
inefficient and expensive [20,21]. This bottleneck hinders the scalable and cost-effective
deployment of deep learning models in urban noise monitoring systems. To solve this
practical challenge, active learning (AL) offers a label-efficient alternative. Unlike standard
random sampling, AL aims to iteratively select the most informative samples for anno-
tation to efficiently maximize the model performance [22,23]. Existing AL studies have
mainly explored uncertainty-based, diversity-based, or class-aware sampling criteria, and
these strategies have shown effectiveness in many general classification settings. However,
most of them only consider one or two of these objectives, which may be insufficient for
exceedance-triggered social noise recordings [24]. In these types of data, acoustic mixing
and interference call for reliable uncertainty-driven exploration, high redundancy calls for
diversity-aware selection to avoid labeling similar clips, and imbalanced class distributions
require balanced sampling to better recognize minority categories [25–27]. Therefore, this
calls for a tailored active learning strategy designed to overcome the annotation bottleneck
of real-world social noise monitoring scenarios. Accordingly, this study examines whether
a unified active learning strategy can improve label efficiency for social-noise classification
under limited annotation budgets, and whether it remains effective for real exceedance-
triggered recordings characterized by acoustic mixing, redundancy, class imbalance, and
cross-site variation.

To address the above gap, this study proposes a unified active learning framework for
cost-effective source tracing in social noise monitoring. The contribution of this work is a
scenario-adapted mechanism design for exceedance-triggered real-world recordings, where
high redundancy, acoustic mixing, and long-tail class distributions coexist. Specifically, the
methodological contribution lies in encoding prediction uncertainty together with dynamic
class-aware learning needs into a weighted acoustic feature space, so that diversity-based
querying can be guided by both sample informativeness and class-learning demand in a
unified manner. In addition, the practical contribution lies in validating this design on both
a public benchmark and real exceedance-triggered monitoring data, demonstrating its value
in reducing annotation cost, improving recognition of under-learned categories, and sup-
porting rapid localized adaptation across monitoring sites. In this study, the classification
task is defined for social noise source tracing and governance, with acoustically dominant
non-social events included as confounding classes in exceedance-triggered recordings to
improve source tracing reliability in real monitoring scenarios. The remainder of this paper
is organized as follows. Section 2 presents the study sites, dataset construction, proposed
active learning framework, and experimental setup. Section 3 reports and discusses the
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benchmark validation, real-world label-efficiency evaluation, ablation study, and cross-site
generalization results. Finally, Section 4 summarizes the main conclusions and practical
implications of this study.

2. Materials and Methods
This section outlines the technical approach for the proposed label-efficient classi-

fication framework. As shown in the technical roadmap (Figure 1), the research work-
flow involves data acquisition and pre-processing, sampling strategy design, and multi-
stage evaluation experiments that validate algorithmic performance, label economy and
cross-site generalization. The specific implementations of each part are detailed in the
following sections.

 

Figure 1. Technical roadmap of the proposed active learning framework for application-oriented
social noise classification in exceedance-triggered audio recordings.

2.1. Study Sites and Data Acquisition
2.1.1. Study Area and Noise Monitoring System

The field monitoring campaign was conducted in Huizhou, China. The monitoring
locations were selected based on social noise complaint hotspots provided by local govern-
ment authorities (the top three out of 30 based on complaint frequency). Three monitoring
stations were deployed in different acoustic environments (Figure 2). Station A was lo-
cated at the open square near the main artery, and its social noise events are sometimes
masked by background traffic noise. Station B was set at the community square beside
the residence, where the acoustic scene comprises recurrent social noise events and occa-
sional natural sounds (e.g., birdsong). Data collection at Stations A and B was performed
continuously from March to June 2025. Station C was installed in a noisy residential area
near a commercial building and a neighboring street. The acoustic environment at this
site was relatively noisy, primarily dominated by crowd clamor and road traffic noise.
Data collection at Station C was conducted exclusively during June 2025. The IoT-based
automatic noise monitoring terminals continuously monitored sound-level data in the
field. The main hardware information of the deployed monitoring system is summarized
in Table S1 of the Supplementary Materials. To capture valid noise pollution events, the
terminal automatically saved a 10 s audio clip whenever the A-weighted equivalent sound
level LAeq,T computed over a sliding window of T = 5 s exceeded the relevant daytime
or nighttime limit. The limit was determined by the site’s officially designated acoustic
environment functional class, following the Environmental Quality Standard for Noise
(GB 3096–2008) [28]. Because the monitoring terminals were triggered by sound-level
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exceedances, the collected recordings could naturally include both recurrent social noise
events and occasional natural sounds (e.g., birdsong) whenever these sounds became
acoustically prominent during an exceedance event.

Figure 2. Study area and field deployment of the IoT-based monitoring terminals in different social
noise complaint hotspots. (a) Location of Huizhou in China. (b) Distribution of the three monitoring
stations in Huizhou. (c) Map views and field photographs of Stations A–C.

2.1.2. Dataset Construction and Preprocessing

A large pool of exceedance-triggered 10 s recordings was first collected across the
three IoT-based monitoring stations. To construct a reliable dataset, the original recordings
were screened through three steps. First, clips severely degraded by extreme weather
(e.g., heavy rain or wind noise causing microphone clipping) or electrical interference
(e.g., persistent static noise) were discarded. Second, recordings with excessive acoustic
ambiguity, namely clips in which multiple sounds overlapped without a clearly identifiable
dominant source, were excluded because reliable human annotation could not be ensured.
Third, when a single prolonged noise event repeatedly triggered the monitoring terminal
and generated multiple temporally adjacent clips, only representative segments were
retained. In total, approximately 32,000 exceedance-triggered 10 s recordings were initially
collected across the three monitoring stations, and 8000 recordings were retained after
screening for annotation and dataset construction. Detailed quantity statistics for the
screening process are provided in Table S2 of the Supplementary Materials.

Following this screening, all retained clips were annotated independently by
two acoustic experts. In this study, the dominant source was operationally defined as
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the acoustically most salient event within the 10 s recording window, that is, the sound
event judged to be primarily responsible for the exceedance. For clips containing multiple
overlapping sources, annotators assigned the label to the source that remained perceptually
dominant over the clip and was considered the principal contributor to the exceedance,
rather than to background or brief secondary sounds. Disagreements between the two
annotators were subsequently re-examined through joint review, and a final label was
assigned only after consensus was reached. Clips for which a reliable dominant source
could not be determined were excluded during the quality-control stage. Based on this
protocol, the retained recordings were categorized into 12 dominant-source classes, whose
class names, abbreviations, and operational definitions are summarized in Table 1.

Table 1. Class names, abbreviations, and operational definitions of the 12 dominant-source classes.

Class Name Abbreviation Operational Definition

music noise MN Dominant music sounds produced by amplified playback or
broadcast sources.

sweep floor SF Dominant sweeping sounds produced by cleaning tools dragged
across the ground.

whipping WH Dominant whip-cracking sounds produced when residents swing
whips for physical exercise.

crowd clamor CC Dominant crowd noise produced by human gatherings,
conversation, or shouting.

firework FW Dominant explosive or crackling sounds produced by fireworks.

lawn mower LM Dominant mechanical cutting sounds produced by lawn mowers or
similar equipment.

bird BI Dominant bird vocalizations, such as chirping or calling sounds.

rain RA Dominant rainfall sounds produced by precipitation.

thunder TH Dominant thunder sounds associated with storm events.

car CA Dominant road-traffic sounds produced by passing or idling
vehicles without a prominent horn event.

car horn CH Dominant vehicle horn sounds.

alarm bell AB Dominant alarm sounds produced by vehicle security alarms or by
special vehicles such as ambulances.

After filtering and annotation, the recordings were organized into two functionally
distinct real-world datasets according to site characteristics and experimental objectives.
Stations A and B, both representing open-square social noise scenarios, were combined to
form a development dataset containing 6000 clips for evaluating label-efficient model con-
struction. Conversely, Station C, located in a commercial-residential acoustic environment
with a markedly different source composition, was used as an independent generalization
dataset containing 2000 clips for cross-site adaptation analysis. In the present applica-
tion setting, social noise classification is implemented on exceedance-triggered recordings
collected for social noise source tracing and governance. Because real-world exceedance-
triggered audio may also contain acoustically dominant non-social events, such as bird,
rain, and others, these categories were retained as confounding classes to avoid misclassifi-
cation and to improve the practical reliability of source tracing. As shown in Figure 3, both
datasets exhibit evident class imbalance, and their relative and absolute class distributions
differ substantially across sites, reflecting the practical challenges of long-tail recognition
and cross-site distribution shift in real-world monitoring. In addition to the real-world
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collected recordings, we also evaluated the proposed method on the widely adopted Ur-
banSound8K benchmark [29] to validate the fundamental effectiveness under a standard
public benchmark setting.

 

Figure 3. Relative and absolute class distributions of the two real-world datasets. (a) Relative
class distribution of the development dataset. (b) Absolute sample counts of the development
dataset. (c) Relative class distribution of the generalization dataset. (d) Absolute sample counts of the
generalization dataset. Both datasets exhibit evident class imbalance, while their class compositions
differ substantially across sites, indicating a clear cross-site distribution shift. Colors correspond to
the class legend, and class abbreviations and definitions are provided in Table 1.

2.2. Active Learning Framework

We formulate the application-oriented social noise classification task as a multi-class
classification problem on exceedance-triggered recordings within an active learning frame-
work [30]. In this setting, each class denotes the dominant sound event of a clip, including
both target social noise categories and practically encountered confounding classes. In
line with reporting practices in recent applied acoustics research [31], the present study
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explicitly specifies the acoustic data representation and the subsequent learning workflow.
Each audio clip was represented by log-Mel filterbank (Fbank) features as the acoustic input
to the subsequent learning framework, and the detailed extraction settings are provided
in Section 2.4.2. The proposed strategy jointly considers uncertainty, diversity, and class
balance. Therefore, we analyze the theoretical characteristics of these measures to motivate
the foundation for our proposed unified strategy.

2.2.1. Problem Formulation

In the context of automated social noise monitoring, we denote the exceedance-
triggered audio dataset as D = {(xi, yi)}N

i=1. Here, each sample xi represents an audio clip
and y ∈ Y = {1, 2, . . . , C} denotes its dominant sound-event label, including social noise
categories and confounding classes. Our objective is to train a deep neural network model
fθ : x → Y via active learning using minimal labeled data, while enabling the model to

accurately predict the noise source class y of each clip.
To minimize annotation costs, active learning is conducted in an iterative manner. In

the initial phase, D is divided into a small labeled dataset L0 = {xi, yi}, where L0 ≪ D,
and a large unlabeled data pool U0 =

{
xj
}

. During iteration t, given the current label set
Lt and unlabeled pool Ut, we select a query set St of size B by maximizing the sampling
score, as defined in Equation (1):

St = argmax
S⊂Ut ,|S|=B

∑
x∈S

φ( fθt , x), (1)

where φ( fθ , x) estimates the informativeness of sample x under the current model. Af-
ter querying the oracle (human experts) for labels {yx}x∈St

, we update the labeled and
unlabeled sets as shown in Equation (2) and Equation (3), respectively:

Lt+1 = Lt ∪ {(x, yx)}, (2)

Ut+1 = Ut ∖ St. (3)

The model is then updated to obtain fθt+1 based on Lt+1. Therefore, the core objective
is to design an efficient sampling function φ(·) that enables the model fθ to achieve greater
classification performance under a limited annotation budget.

2.2.2. Review and Limitations of Conventional Sampling Strategies

To construct an efficient sampling function φ(·), we first review representative active
learning criteria in the literature and analyze their limitations in the context of exceedance-
triggered audio monitoring for social noise governance. Current approaches typically rely
on a single dimension or a fusion of two from the triplet of uncertainty, diversity, and
class balance.

Uncertainty sampling. Standard uncertainty sampling with measures such as entropy
or BALD (Bayesian Active Learning by Disagreement) is a popular method to select
informative samples [32,33]. Although successful in generic classification, this approach
faces challenges in environmental sound. High uncertainty in this domain is often caused
by acoustic ambiguity, such as overlapping sound events or heavy background interference,
rather than informational gain [34]. Thus, it is prone to select noisy abnormal samples
or confusing clips which might contribute little to model improvement, thereby reducing
annotation efficiency [35,36].

Diversity sampling. The diversity-based methods such as Core-Set aim to maximize
the coverage in feature space while minimizing sample redundancy [37]. This is espe-
cially useful in removing temporally neighboring redundant clips [38]. But diversity
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selection usually ignores the sample difficulty. It has been shown that pure diversity
sampling tends to select representative but easily classified samples that contribute less
to model improvement [39]. As such, they might have a lower sampling efficiency than
uncertainty strategies.

Hybrid and class-balanced strategies. To address the above limitations, recent methods
often employ hybrid strategies. For instance, BADGE [40] combines uncertainty and
diversity to capture multiple informative signals, while VaB-AL [41] combines uncertainty
with class balance to tackle imbalanced distributions. However, BADGE mainly couples
uncertainty with diversity, whereas the learning needs of under-represented or insufficiently
learned classes are not explicitly encoded in the sampling geometry. Likewise, prior class-
balanced active learning methods introduce class-aware preference, but this signal is not
necessarily coupled with distance-based diversity selection in a unified feature-space
mechanism. In the context of exceedance-triggered social noise recordings, where long-
tail classes, acoustically mixed events, and temporal redundancy coexist, the interaction
between class-learning needs and diversity-aware querying may still be insufficiently
captured when these signals are handled separately [42]. Therefore, a scenario-adapted
unified sampling mechanism is needed for real-world noise source tracing tasks.

2.3. Proposed Sampling Strategy

Based on the properties of exceedance-triggered recordings collected for social noise
monitoring, we propose a unified sampling strategy. The key idea is to encode both pre-
diction uncertainty together with dynamic class-aware learning needs into a weighted
acoustic feature space built from backbone-derived embeddings of the Fbank inputs de-
scribed in Section 2.4.2, so that diversity-based querying can be performed in a unified
manner. Rather than handling informativeness, class balance, and representativeness as
independent criteria, the proposed strategy allows these factors to interact within the
same sampling geometry. As a result, diversity sampling is guided not only toward broad
feature-space coverage, but also toward samples that are more informative, less redundant,
and more relevant to under-represented categories in real-world monitoring data.

2.3.1. Construction of Comprehensive Value

We define a comprehensive value score S(x) for each unlabeled sample x, quantifying
its potential contribution to model training. This score combines prediction uncertainty
with a dynamic class-aware weight.

Robust uncertainty estimation. In exceedance-triggered recordings, complex back-
ground noise can introduce noisy signals into standard uncertainty measurements. To
obtain a robust estimate, we utilize margin sampling to quantify the decision boundary
ambiguity. By focusing on the difference between the top-two predicted probabilities, this
metric effectively captures the confusion between the most likely candidate classes while
resisting the interference of non-target background noise [43]. The uncertainty score is
defined by Equation (4):

Uunc(x) = 1 − (P( ŷ1|x)− P( ŷ2|x)), (4)

where ŷ1 and ŷ2 are the classes with the highest and second-highest probabilities. A smaller
margin indicates that the decision boundary is ambiguous.

Dynamic class-aware weighting. To reflect the class-learning needs at the current
active learning stage, we further introduce a dynamic class-aware weighting term. This
term jointly considers the current class distribution in the labeled set and the class-specific
recognition status of the current model. In this way, the weighting mechanism emphasizes
categories that are either under-represented or remain insufficiently learned under the
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current training state. To prevent numerical instability or extreme weights during the
cold-start phase, we apply logarithmic smoothing as presented in Equation (5):

wc =

(
1 + log

(
1 +

1
pc + ϵ

))
︸ ︷︷ ︸

Rarity

×
(

1 + log
(

1 +
1

accc + ϵ

))
︸ ︷︷ ︸

Cognition

. (5)

Here, pc is the proportion of class c in the current labeled set, accc is the model’s
accuracy for class c on the validation set, and ϵ is a small smoothing constant (e.g., 10−5)
added to prevent numerical instability. The fixed validation subset was reserved during
dataset partitioning and manually annotated at the same stage as the test set. It served
as a standard part of the dataset throughout all active learning iterations, and is used for
model evaluation, training control, and fair comparison across methods, and is therefore
distinct from the samples iteratively labeled during active learning. In our framework, the
class-wise performance computed on this fixed validation set is further used to update the
dynamic class-aware weights at each iteration. This mechanism ensures the model pays
higher attention to tail classes (low pc) and difficult classes (low accc). Finally, the compre-
hensive value S(x) is computed using Equation (6), which is the product of uncertainty
and the expected class weight derived from the sample’s predicted distribution:

S(x) = Uunc(x) ·
C

∑
c=1

P(c|x)wc. (6)

In this formulation, the class-aware term is applied at the sample level through the
predicted class distribution of each unlabeled instance, allowing current class-learning
needs to influence the value assessment of ambiguous samples as well.

2.3.2. Sampling via Weighted Feature Space

Standard diversity sampling (e.g., Core-Set) treats all samples as geometrically equal,
often selecting easy samples just to fill the feature space. Therefore, we construct a weighted
feature space by scaling the magnitude of each feature according to its calculated compre-
hensive value.

This design is motivated by the fact that the final query step is based on farthest point
sampling (FPS), which selects samples according to their distances in the feature space.
Therefore, if the comprehensive value is expected to influence diversity-based querying, it
should not be used only as a separate score, but should be incorporated into the feature
space used for FPS.

Let fx ∈ Rd be the L2-normalized feature vector of sample x extracted from the deep
model. The weighted feature representation zx is defined as shown in Equation (7):

zx = fx · (1 + S(x)). (7)

By scaling the magnitude of the normalized embedding, this mapping preserves the
original feature direction while adjusting the relative influence of each sample during
distance-based selection. In other words, samples with similar acoustic characteristics still
remain close in direction, but those with higher comprehensive value are placed farther
from the origin and therefore receive greater emphasis during FPS. In this way, the distances
used for sample selection reflect not only acoustic similarity, but also the current training
value of candidate samples.
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We then perform Farthest Point Sampling (FPS) on the above weighted feature vectors.
Equation (8) presents the object to iteratively select a sample x∗ that maximizes the distance
to the current labeled set L:

x∗ = argmax
x∈U

min
xi∈L

|zx − zxi |
2. (8)

Under this formulation, diversity sampling is guided not only by feature-space cover-
age, but also by sample importance under the current model. This is particularly suitable
for exceedance-triggered social noise recordings, where redundant clips are common and
high-value samples should not be overlooked during selection.

2.4. Experimental Design and Setup
2.4.1. Evaluation Experiments

The performance of the proposed framework was tested in a three-stage evaluation
pipeline that progresses from fundamental benchmark validation to real-world simulation
of an IoT-based noise monitoring network. To establish a standardized baseline, we
conducted validation on UrbanSound8K, which serves as an ideal setting for comparison
with typical AL strategies. Then we focused on the real-world development dataset
(Stations A and B) to assess the label efficiency in training a social noise classification
model. Finally, a model migration scenario with the generalization dataset of Station C was
simulated. This experiment investigated whether our approach could maintain strong label
efficiency in localized training after deploying the trained model to a new monitoring site.

2.4.2. Dataset Splitting and Model Training Settings

After data screening and temporal deduplication, the development dataset was split
into 4200 training clips, 600 validation clips, and 1200 test clips, whereas the generalization
dataset was split into 1400 training clips, 200 validation clips, and 400 test clips. A fixed
labeled validation subset was reserved before active learning and kept unchanged through-
out all iterations. For UrbanSound8K, a fixed validation split was also used throughout
active learning, with Fold 9 reserved for validation and Fold 10 used as the test split. These
two procedures served different purposes. Temporal deduplication was applied during
dataset curation to remove near-duplicate clips repeatedly triggered by the same continu-
ous event, whereas subset partitioning was designed to reduce leakage across the training,
validation, and test sets. Notably, even after temporal deduplication, recordings collected
at the same monitoring site on the same day may still exhibit residual acoustic correlation
because they often share similar background conditions and recurring activity patterns.
To mitigate this effect, the curated clips were grouped using station and recording-date
metadata before partitioning, and all clips within the same group were assigned to the
same subset. This strategy helps prevent acoustically similar recordings from being split
across different subsets, thereby reducing the risk that temporal correlation within the same
site may inflate performance estimates.

All audio inputs were normalized to 10 s, resampled to 16 kHz, and converted into
log-Mel filterbank features using a 25 ms analysis window, a 10 ms hop length, and 128 Mel
filter bins spanning 20–8000 Hz, followed by z-score normalization. These acoustic features
were then encoded by PANNs-CNN14 initialized with AudioSet-pretrained weights [44,45],
which served as the backbone network in all experiments. The resulting 2048-dimensional
embeddings were used as the base representation for constructing the unified weighted
acoustic feature space for active learning. For each dataset, all compared methods shared the
same acoustic features, pretrained backbone, optimizer, learning-rate schedule, batch size,
training epochs, regularization strategy, and stopping criterion. No additional probability
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calibration procedure was applied. The key experimental settings are summarized in
Table 2.

Table 2. Training settings used in the experiments.

Item Setting

Optimizer AdamW (weight decay: 1 × 10−5)
Initial learning rate 5 × 10−4

Loss function Cross-entropy loss
Learning-rate

scheduler Cosine annealing (Tmax = 40)

Training epochs 50 per active learning iteration
Batch size 50 (UrbanSound8K); 36 (real-world datasets)

Regularization SpecAugment (time mask: max 10 frames; freq mask: max 8)
Early stopping 6-epoch patience

Software framework PyTorch 2.6.0
Hardware 8 × NVIDIA Tesla V100 GPUs

2.4.3. Active Learning Procedure and Metrics

We performed experiments in an AL setting with a per-iteration query budget of
36 clips on the social noise datasets and 100 clips on the UrbanSound8K benchmark to
maintain a low manual annotation workload. In this study, the reported annotation budget
counts only the samples iteratively queried from the unlabeled training pool. The fixed
validation and test subsets were excluded from this budget because they served as shared
validation and final evaluation splits for all compared methods and were not part of the
candidate query pool. This definition isolates the label efficiency of the sampling strategy
itself, rather than conflating iterative query cost with the fixed overhead required for model
selection and final evaluation. We compared our method to relevant baselines such as
Random, BALD [32], Core-Set [37], VaB-AL [41], and BADGE [40]. Model performance
was mainly measured in terms of macro-averaged F1-score (Macro-F1) for an unbiased
comparison across imbalanced noise classes, while class-wise results were reported using
F1-score. We also used the area under the learning curve (AULC), which is a widely
accepted measure for sampling efficiency and in this case indicates greater cost reduction
when target performance is reached with a lower manual annotation budget (Section S1).
To evaluate label efficiency against a consistent reference, the fully supervised upper bound
was used as a performance ceiling throughout the three-stage evaluation. For each dataset,
this upper bound was obtained by training the same backbone on all labeled samples in
the corresponding training split. To ensure a fair comparison, the fully supervised setting
and all active learning methods shared the same pretrained initialization and training
configuration, as described in Section 2.4.2. Under this design, performance differences
relative to the upper bound can be attributed to the amount of labeled data rather than
to differences in initialization or training setup. For the cross-site adaptation experiment,
the reported annotation ratio was calculated with respect to the target-domain training
data of Station C, and the corresponding fully supervised upper bound was obtained using
all labeled samples from the same target-domain training data. All experiments were
repeated three times with different random seeds and the mean performance was reported
across runs.

3. Results and Discussion
3.1. Algorithmic Validation on UrbanSound8K Benchmark

In order to verify the efficiency of the proposed AL approach, we first conducted a
baseline comparison on UrbanSound8K dataset. The learning curves of various approaches
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under a growing labeling budget are shown in Figure 4, compared with the fully supervised
upper bound of 0.878 Macro-F1. The results show that our approach achieves a similar
performance to the upper bound using a smaller sample size than baseline methods. In
particular, in the early querying stage before 200 labeled samples, our approach and the
hybrid baseline BADGE exhibit similar or better performance than the other methods.
This suggests that introducing sample diversity plays a role when building up the initial
decision boundary. As the labeling budget increases, the model enters the exploration stage
while the advantage of the proposed unified strategy becomes more apparent. For budgets
ranging from 200 to 800 samples, the proposed approach remains above BADGE over this
budget range, indicating better learning efficiency. This suggests that hard samples and
minority classes become more critical for enhancing model performance at this stage, and
the observed advantage may be associated with the effect of class-aware sampling. For
instance, our proposed strategy achieves a rapid performance gain to a Macro-F1 of 0.875
using just 600 labeled examples. Under the same budget, the random sampling baseline
reaches a score of 0.803. This result suggests that the proposed method selects more useful
samples and achieves faster performance improvement in the critical middle stage of the
AL process. The remaining baselines, shown as light gray reference curves in Figure 4,
exhibit weaker or less consistent improvement during this stage. This further indicates the
advantage of the proposed strategy in selecting representative and informative samples
under limited annotation budgets.

Figure 4. Learning curves of active learning methods on the UrbanSound8K dataset. Macro-F1 is
plotted against the number of labeled samples. For visual clarity, the proposed method, BADGE and
Random are emphasized, while the other baselines are shown as light gray reference curves. The
dashed line marks the fully supervised upper bound (0.878). The inset provides a zoomed view of
the exploration stage (200–800 labeled samples).

The visual trend is further quantified in Table 3, including AULC, running variability,
and the labeling budget required to reach 98% of the fully supervised upper bound. Our ap-
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proach achieves the highest AULC value of 1673.52, which suggests that it can consistently
choose informative samples and provide better performance during AL iterations. In addi-
tion to the above sampling efficiency, training robustness is also an important evaluation
metric. The proposed approach shows a relatively small standard deviation value of ±8.76
over various runs. The stability is similar to BADGE baseline with a better overall AULC,
which relatively mitigates performance fluctuation seen for other approaches like BALD.
In particular, the Core-Set yields a lower AULC than the Random baseline, indicating
diversity-based sampling alone tends to select uninformative data in complex acoustic
environments. We also evaluate the savings in labeling costs. To achieve 98% of the fully
supervised upper bound, the random sampling baseline requires 1300 annotated samples.
Among the compared active learning baselines, BADGE requires only 800 samples to
achieve it and the proposed method achieves the same with just 500 samples. Compared to
random sampling, this method saves 61.5% of the labeling budget. These results show that
the proposed strategy can help reduce the data labeling costs associated with environmental
sound classification tasks, thereby providing a basis for further evaluation in the more
challenging real-world social noise scenario.

Table 3. Comparison in performance and labeling efficiency between different AL approaches. The
AULC represents the Area Under the Learning Curve, indicating the overall performance throughout
the entire AL process. The labeling budget shows the number of samples required to reach the target
performance. Annotation saving is computed relative to the Random sampling baseline.

Method AULC Labeling Budget Annotation Saving

Random 1597.51 ± 11.84 1300 Baseline
Core-Set 1577.11 ± 31.44 1200 7.7%

BALD 1643.37 ± 21.98 1100 15.4%
VaB-AL 1633.72 ± 20.13 900 30.8%
BADGE 1661.62 ± 3.54 800 38.5%

Ours 1673.52 ± 8.76 500 61.5%

3.2. Efficiency Analysis on Real-World Social Noise Dataset

To further verify the proposed strategy in a realistic, highly imbalanced acoustic sce-
nario, we extended experiments to the social noise development dataset. The full Macro-F1
learning curves are provided in Figure S1. We measured the amount of annotations needed
to achieve 90%, 95%, and 98% of the fully supervised upper bound (UB). As shown in
Figure 5, our approach requires fewer cumulative annotations than other methods for each
target, giving it an advantage over competing approaches on average. For example, only
108 samples are required to reach 90% of the UB, demonstrating higher labeling efficiency
on real-world exceedance-triggered social noise data. Additionally, we observe that the
percentage saving in labels over random sampling increases with tighter accuracy targets.
The proposed method reaches the 98% UB level with only 216 samples, representing an
85.0% reduction in the training annotation budget compared to the 1440 samples required
by random sampling. Moreover, the cost saving is higher than that obtained in the Ur-
banSound8K experiments, indicating that our approach offers better cost-efficiency in
real-world social noise scenarios. The highest overall AULC, together with the narrow
error bars, further suggests that our method maintains relatively consistent performance in
this monitoring task. Overall, the label-efficient advantage of the proposed method is more
pronounced in the realistic social noise scenario than in the benchmark setting. Based on
these results, we further analyze a representative low-annotation budget node to explain
the class-wise source of the performance gain over BADGE.
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Figure 5. Annotation budget requirements and overall sampling efficiency on the social noise
development dataset. The stacked bars show the cumulative number of labeled samples required for
each method to reach 90%, 95%, and 98% of the fully supervised upper bound (UB). The dark gray
line represents AULC per method (mean ± SD).

Figure 6 provides a detailed analysis of the F1-score differentials across noise categories
relative to the most competitive baseline BADGE. This provides a class-wise view of
the performance differences between our approach and BADGE. Specifically, we select
the iteration with 144 samples for this analysis, as our method reaches a Macro-F1 of
0.930 which meets the practical requirements for noise exceedance event classification.
At the same budget level, BADGE obtains a Macro-F1 of 0.874. Results show that the
greatest performance improvement occurs in under-represented categories, such as bird
and whipping. Improvements are also observed for noise sources with clear acoustic
signatures, including alarm bell, thunder and car horn. Although these noise events
possess distinct spectral characteristics, they are often interfered with by fluctuating urban
background noise. These results indicate an enhanced ability to distinguish target acoustic
signatures from complex urban background interference, improving the classification of
these categories. Although slight variations were obtained in the dominant classes like
music noise and car, including a 2.19% decrease in the rain category, performance remains at
a reasonable level for practical monitoring purposes. The inset in Figure 6 shows that these
performance differences are associated with sample shift across categories. Our method
allocates fewer annotation resources to the common classes such as rain, while increasing
the selection frequency and classification accuracy for classes including bird and whipping.
This pattern is consistent with the higher overall Macro-F1 observed under the constrained
annotation budget and may also help explain the improved recognition of several socially
relevant exceedance-event categories. Detailed sampling counts for each category in this
iteration can be found in Table S3. These non-social categories were retained as acoustically
salient confounding classes because distinguishing them from target social noise events is
necessary for reliable source tracing in real exceedance-triggered recordings.

To better understand the origins of the substantial improvements in both the bird
(BI) and whipping (WH) categories, we further analyzed the misclassification pathways
that exist within the confusion matrices (Figure 7). This comparison reveals the specific
misclassification pathways reduced by the proposed strategy. Analysis of the bird (BI)
column for the BADGE baseline reveals substantial cross-category interference, where
several noise types, such as alarm bell (AB), whipping (WH), and thunder (TH), are
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frequently misidentified as bird sounds. This shows a high degree of boundary ambiguity in
BADGE when distinguishing complex environmental noises from the actual bird category.
Our method reduces such confusions, which suggests that bird calls are more clearly
distinguished under the proposed sampling strategy in the current experimental setting. In
terms of the whipping (WH) class, BADGE suffers from a high degree of confusion within
the broad social noise categories, misclassifying 46% of true whipping (WH) events as
crowd clamor (CC). In real-world urban environments, both sources often happen in the
same locations, such as community squares or parks. Furthermore, they produce abrupt,
sharp noise profiles that make them confusable in a mixture. In contrast, our approach
increases the true positive rate for whipping (WH) to 67% while reducing the confusion
between it and crowd clamor (CC). These detailed improvements suggest that our approach
may improve the selection of difficult or under-learned samples near challenging class
boundaries, and are associated with reduced misclassification both between social noise
and background sounds and among acoustically similar social noise categories.

Figure 6. F1-score improvement in the proposed method across different sound categories compared
to BADGE at the iteration with 144 queried samples. The horizontal bars represent the performance
change (∆F1-score) for each class, where positive values indicate a performance gain achieved
by our strategy. The inset shows representative sample shift across categories associated with
these differences.

3.3. Ablation Study and Cross-Site Generalization Evaluation

To better understand the roles of the proposed sampling components, we further
compared four configurations, including uncertainty only, uncertainty + diversity, un-
certainty + class balance, and the full framework (Table 4). As shown in the table, both
diversity-aware querying and dynamic class-aware weighting improve performance over
uncertainty-only sampling, indicating that each component contributes useful sampling
signals beyond uncertainty alone. In terms of overall AULC and Macro-F1, the uncer-
tainty + diversity setting performs slightly better than the uncertainty + class balance
setting, suggesting a somewhat stronger contribution to global label efficiency under the
current budget. By contrast, the uncertainty + class balance setting yields larger gains for
challenging under-represented categories such as bird and whipping, indicating that the
class-aware component is beneficial for long-tail recognition. The full framework achieves
the best overall results, supporting the view that diversity-aware coverage and dynamic
class-aware weighting play complementary roles in the proposed design.
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Figure 7. Confusion matrix comparison between (a) BADGE baseline and (b) our method. The
matrices show classification performance for each noise category, where rows represent true classes
and columns represent predicted classes. Class abbreviations are defined in Table 1. Values are
row-normalized such that diagonal elements indicate recall per class. The red dashed boxes highlight
the specific performance differences in recognizing tail classes, namely bird and whipping.

https://doi.org/10.3390/su18083936

https://doi.org/10.3390/su18083936


Sustainability 2026, 18, 3936 17 of 22

Table 4. Ablation study on the proposed AL framework. The four configurations correspond
to uncertainty only, uncertainty + diversity, uncertainty + class balance, and the full framework.
The Overall AULC represents the global sampling efficiency. Performance is evaluated at a fixed
annotation budget of 144 samples to match the category-specific analysis.

Methods Overall AULC Macro-F1
(N = 144)

F1-Score
(Bird)

F1-Score
(Whipping)

Full framework 668.65 ± 3.51 0.930 0.86 0.73
Uncertainty + Diversity 659.73 ± 3.16 0.898 0.71 0.59

Uncertainty + Class Balance 653.26 ± 4.26 0.893 0.78 0.65
Uncertainty only 642.47 ± 4.38 0.823 0.63 0.42

We further examined how the proposed framework behaved when less validation
data was used to estimate the class-wise recognition term in Equation (5). To this end,
all experimental settings were kept unchanged, and only the amount of validation data
used for computing the class-wise validation accuracy was reduced from 600 to 300. As
shown in Figure 8, the learning curve obtained with 300 validation samples remained
close to that of the original setting, although the performance was slightly lower at some
annotation budgets, with the difference being more visible in the middle stage of active
learning. Despite this reduction, the proposed method with 300 validation samples still
remained above BADGE over most of the learning process. These results suggest that the
framework can retain its overall label-efficiency advantage under a moderate reduction in
validation data, although a larger validation subset appears to provide somewhat better
class-wise recognition estimates.

 
Figure 8. Sensitivity analysis of the proposed method to validation data size on the social noise
development dataset.

Next, we further tested the practical deployability and cross-site generalization of the
framework on Station C dataset. For this purpose, models trained with 144 samples from
the development dataset were first applied directly to Station C for zero-shot recognition.
All tested approaches suffered from a drop in performance. Such a decline can be attributed
to the large acoustical difference between various urban functional zones, which reveals
the difficulty of directly transferring models to new sites and the necessity of localized
adaptation in real-world IoT noise monitoring networks. To address this challenge, we
performed localized training on the target data through active learning to quickly adapt
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the models to that new acoustic setting (Figure 9). Under the strong distributional drift, the
random sampling baseline exhibited a slow convergence rate due to treating all samples
equally. On the other hand, although BADGE improves adaptation efficiency to some
extent, the proposed method achieves higher Macro-F1 more rapidly and consistently.
Under this setting, the proposed framework converged to the fully supervised upper
bound using only 13% of the target-domain training data at Station C, corresponding to
180 additionally labeled samples. This result indicates that the framework can adapt effi-
ciently to new monitoring environments with limited local annotation effort, highlighting
its practical value for scalable deployment in real-world social noise monitoring networks.

Figure 9. Cross-site adaptation learning curves on the generalization dataset. The curves illustrate
the improvement in Macro-F1 as a function of the target-domain annotation budget. The dashed line
indicates the performance upper bound of the fully supervised model.

In summary, the above results show that the proposed framework is useful for address-
ing several practical challenges in real social noise monitoring. The benchmark experiment
verifies the basic effectiveness of the unified sampling strategy under limited annotation
budgets. The real-world development dataset further shows its value in reducing manual
labeling cost, improving the recognition of under-represented categories, and alleviating
confusion in acoustically mixed exceedance-triggered recordings. In addition, the cross-site
adaptation results indicate that the framework can support faster localized model updat-
ing when deployed to new monitoring stations with different acoustic conditions. These
findings demonstrate the practical relevance of the reported results for cost-effective source
tracing in IoT-based urban noise monitoring networks.

4. Conclusions
In this work, we developed and validated a label-efficient framework to identify

dominant sound events in massive exceedance-triggered audio recordings generated by
IoT monitoring networks for social noise source tracing. By integrating robust uncertainty,
redundancy-aware diversity, and dynamic class balance into a unified acoustic feature
space, our approach helps address the practical challenges of acoustic mixing and long-tail
distributions. Experiments on the UrbanSound8K benchmark and social noise datasets
demonstrated that our strategy achieves higher sampling efficiency. On the real-world
dataset, the framework reached 98% of the Macro-F1 upper bound, reducing the training
annotation workload by 85.0% compared to random sampling. Furthermore, the ablation
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study suggested that diversity-aware querying and dynamic class-aware weighting make
complementary contributions within the proposed framework. Under the current anno-
tation budget, diversity yields slightly stronger gains in overall label efficiency, whereas
dynamic class-aware weighting is particularly beneficial for improving the recognition of
under-represented categories such as bird and whipping.

Beyond overall performance metrics, the reported results are useful for noise regula-
tory authorities seeking more targeted and cost-effective source tracing in urban monitoring
practice. While deploying established models directly to new stations leads to performance
degradation caused by spatial acoustic discrepancies, our active learning approach allows
for the rapid restoration of recognition capabilities. With only 13% of the target-domain
training data, the framework achieved localized adaptation and converged to the fully
supervised upper bound in a new monitoring environment. At the same time, this study
has several limitations. The real-world data were collected from a single city, only three
monitoring stations, and a relatively short observation period, and potential seasonal effects
were not explicitly evaluated. These factors may limit the current evidence for broader
spatial and temporal generalization. Future work will therefore extend the framework to
more cities, a larger number of monitoring sites, and longer-term datasets covering different
seasons and acoustic environments. We will also further examine the robustness of the
framework under broader cross-site deployment conditions and evaluate its long-term
adaptation performance in real monitoring networks.

From a sustainable development perspective, this study has practical relevance for
building more efficient and sustainable urban noise monitoring systems. By substantially
reducing the annotation effort needed to develop reliable sound-event classification models,
the proposed framework helps lower the resource demands associated with large-scale
deployment and long-term maintenance of IoT-based monitoring networks. Its ability to
support more accurate source tracing and rapid localized adaptation across monitoring
sites also makes it valuable for more targeted noise management in complex urban environ-
ments. In this way, the contribution of the present work extends beyond methodological
improvement, offering practical support for smarter environmental governance, healthier
acoustic environments, and more livable communities.
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//www.mdpi.com/article/10.3390/su18083936/s1, Table S1: Main IoT hardware used in the field
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triggered recordings; Table S3: Cumulative sampling distribution across noise categories for BADGE
and the proposed method at the stage corresponding to 144 queried samples (180 labeled samples in
total, including the initial labeled set); Figure S1: Learning curves of various active learning methods
on the social noise development dataset.
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IoT Internet of Things
CNN convolutional neural network
AL active learning
Macro-F1 macro-averaged F1-score
AULC area under the learning curve
Fbank log-Mel filterbank
PANNs Pretrained Audio Neural Networks
LAeq,T A-weighted equivalent sound level over time period T
MN music noise
SF sweep floor
WH whipping
CC crowd clamor
FW firework
LM lawn mower
BI bird
RA rain
TH thunder
CA car
CH car horn
AB alarm bell
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