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Early Classification of Silent Emergency Calls

Exploratory Audio-Based Detection of Pocket-Call-Like Acoustic Patterns
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Abstract

Silent calls to the Swedish emergency number 112 place unnecessary strain on
emergency-call operations and may delay responses to critical incidents. This thesis
investigates whether accidental silent emergency calls can be identified using only
caller-side audio. In particular, the work explores the classification of a manually
defined subgroup of "pocket calls”.

Two audio feature representations were evaluated: handcrafted acoustic feature rep-
resentations and pretrained self-supervised BEATs embeddings. Logistic regression
and XGBoost classifiers were evaluated across multiple experimental settings, includ-
ing delayed-speech scenarios, respiratory-audio analysis, and early detection using
short audio intervals.

The results showed that classification of the complete ”Silent 112” operator-assigned
category resulted in poor and unstable performance, while significantly stronger
performance was achieved for the "pocket call” subgroup. Across all experiments,
BEATs embeddings outperformed handcrafted features. The strongest performance
was achieved using BEATs embeddings together with logistic regression on a 10-
second audio window, achieving a recall of 0.92 with no false positives on the held-
out test set. Additionally, reliable classification became increasingly feasible after
approximately 6 to 8 seconds of available audio.

Although the findings are preliminary and limited by the relatively small number of
manually identified "pocket calls”, the results demonstrate the potential of caller-
side acoustic analysis for supporting automated identification of accidental silent
emergency calls.

Keywords: classification, emergency, machine learning, silent 112.
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1

Introduction

Emergency response centers receive millions of calls each year. In Sweden alone, the
national emergency number (112) receives approximately 3.5 million calls annually
[1, 2, 3, 4, 5, 6]. However, approximately one-third of all calls constitute non-
emergencies, and by far the most common type are so called "Silent 1127 calls,
meaning that the operator is unable to establish contact with the caller [5]. As
seen in Figure 1.1 these calls account for roughly 60% of all non-emergencies, which
corresponds to approximately 600,000 calls. Typically, these calls are made on
accident, unbeknownst to the caller; often caused due to devices having built-in
easy-dialing features to the emergency number, or sensors within a device falsely
indicating an accident has occurred, triggering the call [7, 8]. This becomes an issue
for operators as they must continuously handle new incoming calls, and with the
abundance of silent calls being addressed, this contributes to longer waiting times,
possibly putting other help seekers at risk [8, 9]. In addition to this, operators must
be able to identify if a silent call is actually being made by a person seeking help but
incapable of speaking, adding possibly extra stress and prolonged decision making
times. There could very well be situations where the caller is unable to speak due
to illness or a perpetrator being in their proximity [7, 10]. In such cases, the caller
might resort to non-lexical cues such as respiratory sounds or rustling noises [10].

1.1 Background and Problem Formulation

This study is conducted with guidance from Omda Emergency AB. Omda is a sup-
plier of software products related to healthcare and emergency services, with SOS
Alarm being among its clients. Omda seeks to explore how machine learning meth-
ods could be utilized to better manage silent calls and the risk they pose for SOS
Alarm. Within the scope of the collaboration, real call data has been obtained from
SOS Alarm.

All calls are supplemented with metadata, containing information about call du-
ration, general location, time of day among other things. Additionally, associated
with each call is a label containing information about the call type, with ”Silent
1127 being one of the options. The data has been manually labeled by operators,
though this is not necessarily among their primary work duties, implying that a
non-negligible fraction of the calls are mislabeled. Moreover, within the "Silent
1127 class, there is considerable variability in the sounds emitted across calls. The
one common denominator is that the operator fails to establish any form of contact.
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Figure 1.1: Breakdown of emergency and non-emergency calls from 2020 to 2025
[1, 2,3, 4,5, 6]. "Silent 112” calls make up a large share of non-emergency calls.

The ”Silent 112" label is rather deceiving as it encompasses both identifiable sounds
and ambiguous sounds, as well as complete silence, sometimes all occurring within
a single call.

The heterogeneity in the ”Silent 112”7 data makes it an ill-suited classification tar-
get, especially in the context of emergency call handling, where misclassifications
can have severe complications for human life. To mitigate this risk, the scope of
the project narrowed down to a potential subgroup of particular interest, namely
"pocket calls”. These calls can loosely be defined as sounds emitting from a device
rubbing against the inside fabric of a pocket. This might still sound ill-defined and
it is difficult to say objectively what characterizes a "pocket call” (or if such a dis-
tinction can even be made). To justify the construction of this subgroup, a limited
part of the study is devoted to classification of the broader category of ”Silent 112”
calls, followed up with a subsequent focus on "pocket calls”.

A major focal point concerns the intended end product. A practical use case might
relate to identifying "pocket calls” in the period between call initiation and operator
answer, or include this information to assist the operator in assessing the call. The
national requirement stipulates that this waiting time must not exceed eight seconds
on average [5]. Compliance with this requirement varies from year to year; from
2023 to 2025 the average waiting time fluctuated from 10.9, 6.6 to 7.3 seconds [4,
5, 6]. Thus, focusing on classifying calls within a time range of 5-10 seconds seems
reasonable. A major caveat, however, is that the audio files did not include the
call-in waiting time period.
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1.2 Related Work

To the best of our knowledge, little research exists on the matter of employing
machine learning models targeting silent calls specifically. Existing approaches to
emergency classification rely on direct interaction with the caller through speech [11,
12, 13]. Despite the limited studies, a notable proof-of-concept model constructed
in 2021 showed promising results by treating involuntary calls as an audio classifi-
cation task, indirectly targeting silent calls [14]. The audio files were converted to
spectrograms, and used to train a classifier, yielding a precision score of 84% and
a recall score of 67%. Though, there is a lack of scientific support as there is no
mention of what model is used and the methodological information is scarce and no
follow-up has been reported since. Furthermore, the model was trained on just 300
calls with three categories: urgent, non-urgent and invalid (involuntary) calls. Each
category consisted of 100 calls, all of which were 30 seconds long.

In the absence of speech, the problem at hand inherently relies on the acoustic con-
text associated with pocket calls, lending credence to the belief that this can be
framed as an audio classification problem. A commonly used benchmark for such a
task is the ESC-50 dataset; a dataset comprised of 50 sound categories, including
human sound events and environmental sounds. The baselines provided for ESC-
50 were achieved by extracting the zero-crossing rate and mel-frequency cepstral
coefficients (MFCCs) and utilizing k-NN, SVM and random forest ensemble; yield-
ing 32.2%, 39.6% and 44.3% accuracies respectively [15]. Though seemingly simple
in nature and providing favorable baselines, such shallow, hand-crafted approaches
have limited improvement capabilities, as stated by [16] in 2015. As a matter of fact
the authors strongly recommended exploring alternative paradigms. Interestingly,
this coincided with the simultaneous rise of deep learning, enabling precisely such a
shift. An additional strength of deep learning methods lies in their ability to process
raw data directly in conjunction with uncovering deep-rooted complex patterns from
the data, allowing for significant improvements over previous methods where human
expertise was at the core [17].

One concern with deep learning is that it requires a large amount of annotated data
to train a well performing model [18, 19]. To address this limitation, self-supervised
learning (SSL) has become a viable strategy to tackle this issue. The core idea is to
learn meaningful representations in the form of latent embeddings on a substantial
volume of unlabeled data [19]. These representations can subsequently be applied
for various downstream tasks. This approach has shown great potential when it
comes to audio classification tasks, with BEATs (Bidirectional Encoder representa-
tion from Audio Transformers) achieving 98.1% accuracy on the ESC-50 dataset,
comfortably surpassing the human baseline of 81.3% [20, 15].

A major caveat of the aforementioned methods is that they have been evaluated on
a classification task with 50 categories. This is an important distinction from the
problem at hand in this thesis, which places its focus on distinguishing a specific,
subjectively defined "pocket call” or the whole ”Silent 112” group type versus emer-



1. Introduction

gency calls, whose audio content may differ greatly. However, the pretrained audio
embeddings from BEATSs may still provide useful representations that can be used
to train a classifier specific to this task.

1.3 Aim

The aim of this thesis is to investigate machine learning-based detection of silent
emergency calls, with a specific focus on calls exhibiting pocket-call-like character-
istics. In particular, the thesis evaluates how different audio representations and
segmentation strategies affect performance.

1.4 Research Questions

The thesis is guided by four research questions:

1. To what extent can accidental silent emergency calls be distinguished from
genuine emergency calls using machine learning on early-stage emergency call
audio?

2. How does specifying the classification task from the broad ”"Silent 112" opera-
tor category to a manually defined "pocket call” category affect classification
performance?

3. How do different audio representations affect the detection of accidental emer-
gency calls?

4. How does model performance change as the amount of available call duration
is progressively reduced?

1.4.1 Limitations

As mentioned in section 1.1 the data contains mislabeled data. This is something we
have been able to confirm by listening to a significant amount of calls and inspect-
ing their assigned labels. As part of the process of identifying "pocket calls”, our
main objective became to construct subgroups within the ”Silent 1127 category, with
"pocket calls” being our main focus. However, this presents another limitation as
the identified subgroups are i. subjectively identified by us and ii. correctly labeling
the data within a correct subgroup proved difficult, meaning our own relabeled sets
contain errors. Furthermore, we only focused on relabeling calls within the "Silent
1127 category, meaning that the other classes still contain mislabeled data.

A major shortcoming of the data is that the audio from the waiting time period that
the caller waits during the call-ins is not provided. We believe that this is the most
interesting part of the call, as it may help determine whether a call is accidental
before an operator has even answered the call.

4
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1.5 Data Protection and Ethical Considerations

The dataset includes extremely sensitive personal health information, which requires
serious consideration of privacy and data protection. These considerations lie outside
the scope of this work and it is worth emphasizing that no model incorporates
personal information in its assessment. Moreover, the report will not reveal any
information regarding any individual calls, nor when the data was collected.

1.5.1 Risk Assessment under the European Union AI Act

The European Union Al Act regulates the use of Al within the union. The purpose
of the act is to address the potential dangers that Al pose on the fundamental rights
and livelihoods on the member states’ citizens. The framework specifies both the
risks with Al and procedures to manage these by assigning the Al systems to one
of four risk categories: Minimal or no risk, Transparency risk, High risk and Un-
acceptable risk, sorted from least to most severe [21]. Al systems falling under the
latter category are strictly prohibited.

In Article 6(2), ANNEX III [22] it is stated that Al systems intended to evaluate
and classify emergency calls by natural persons or to be used to dispatch, or to es-
tablish priority in the dispatching of, emergency first response services, including by
police, firefighters and medical aid, as well as of emergency healthcare patient triage
systems” are to be considered high risk. The risk category assessment is motivated
in Recital 58 as the matter concerns critical decision making procedures regarding
human safety [23]. However, Article 6(3) declares that an Al system is exempt from
the high risk category if it does not materially influence the evaluator’s final verdict

[24].

It is not unreasonable to think that if an Al system were to be developed in the
current context, it would fall under the high risk category, which means it would be
necessary to comply with strict regulations as stated by [21]. This includes adopting
preemptive measures such as risk assessment, avoiding discriminatory bias, human
supervision, clear documentation, and ensuring that the system is robust and highly
accurate, among other things.



1. Introduction




2

Theory

The following chapter introduces underlying theories for the models employed, as
well as the foundations for transforming audio to useful representations that can
be processed by machine learning models. Additionally, theoretical approaches to
measuring model performance are presented.

2.1 Audio Representations

In order for audio signals to be processed by machine learning models, they need to
be converted to useful representations. These representations can be modeled ex-
plicitly using handcrafted-based features, or learned from the raw signal by utilizing
neural-based networks.

2.1.1 Handcrafted Features

Handcrafted audio features are low-level descriptors computed from either time, fre-
quency or spectral representations of signals [16]. A key aspect when it comes to
extracting the features is the assumption of the signal being stationary [25]. In prin-
ciple, this means operating over short time frames as the properties of the signal are
diluted over time. The signal is typically split into 10-30 ms long overlapping frames
[25]. Although this assumption is considered in the context of speech processing,
the same principle holds for more general audio classification tasks [26]. Some of
the more useful audio descriptors in this context include root mean square (RMS)
energy, zero-crossing rate (ZCR), spectral centroid, roll-off, flatness and bandwidth
[26]. These are described in Table 2.1.1.

2.1.2 Self-Supervised Embeddings

Self-supervised learning (SSL) is a machine learning technique in which a model
learns to create meaningful representations from massive amounts of unlabeled data
by solving pretext tasks [33]. These tasks are designed by humans and depend on
the domain (natural language processing, computer vision, etc). Once a model is
pretrained in this manner it can be used as a feature extractor to extract rich repre-
sentations (embeddings) from the input audio to be used as features for downstream
tasks.

A notable difference between SSL audio models is their pretraining domain. Popular
models like wav2vec 2.0 [34] and HuBERT [35] are pretrained on speech corpora and

7
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Table 2.1: Overview of commonly used handcrafted audio features.

Feature

Definition

Description

Root Mean
Square (RMS)
Energy

Zero-Crossing
Rate (ZCR)

Spectral
Centroid

Spectral
Roll-off

Spectral
Flatness

Spectral
Bandwidth

1 N
RMS(x) = | | +- > aln)?

ZOR(x) = 5 [sign(en]) — sign(aln — 1])

iy FIF K

SC(x) =
) iy F[k]

SR(x) = min {k : 25, Fljl = o 0, Fljl}

(I, Piv)
# Sk FIK]

_ Y1 [k = SCx)| Flk]
Y1 FIk]

SF(x) =

SB(x)

Reflects the energy level of a signal and can be
useful for estimating loudness [27, 28].

Measures how frequently the waveform crosses
the zero-amplitude axis [29, 30]. The crossing
rate can give an indication whether the signal is
periodic or not as periodic signals generally have
a low zero-crossing rate [29].

Represents the weighted average of the frequency
bins positions, indicating where the energy is
located [27, 31]. A high centroid value suggests
that the signal is dominated by high-frequency
elements [32, 27, 31].

Provides the frequency point below which a
pre-specified distribution « of the spectral
magnitude is located [31].

Gives an indication of the noisiness of a signal
and is computed as the quotient of the geometric
and arithmetic average of the spectral magnitudes
[29].

Represents the frequency range weighted by the
distances from the spectral centroid [27].

Here, x denotes a complete audio frame, z[n] is the n-th sample in a frame of length N, k denotes the frequency bin, F[k] is its magnitude, K is the
number of frequency bins, and « is the roll-off threshold. The sign function is defined as sign(z[n]) = 1 if z[n] > 0 and —1 otherwise.
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therefore produce representations optimized for such tasks. Although these models
achieve state-of-the-art (SOTA) performance on speech tasks, they have limited ex-
posure to non-speech events.

BEATS [20] is an SSL model that has been pretrained on general audio from the
AudioSet-2M dataset, which contains approximately 2 million 10-second clips, span-
ning 527 classes of sound events [36]. These classes include various general audio
events, but most notably human related events like breathing, crying, whispering,
coughing. BEATS is trained using a semantic prediction objective such that the
representation encodes what kind of sound is present rather than focusing on re-
dundant acoustic noise and signal-level details. This combination of general audio
domain and semantic representation makes BEATSs a relevant model for involuntary
call detection, where the distinctive signals between a voluntary and non-voluntary
silent call are non-speech audio events.

The BEATSs framework, as illustrated in Figure 2.1, employs an acoustic tokenizer
on 128-dimensional Mel-filter bank features, which are then split into 16x16 grid
patches and flattened into a sequence X = {x,}Z_,. The resulting tokens Z = {2},
acts as target labels during the SSL pretraining phase. Specifically, the audio SSL
model employs the Vision transformer architecture, where audio patches are fed
into a linear projection layer and transformer encoder. However, only 25% of the
patches are passed through as masking is applied to the input patches at positions
M = {1,...,T}°™T ie only patches XV = {x; : t € M}, are fed into the
system, producing representations RV = {r; : t € M}L . These are subsequently
combined with the unmasked patch features, {r; : t € M}, U{0:¢ ¢ M}, and
passed on to another transformer acting as label predictor, resulting in predicted
labels Z = {z;}{_,. Finally, cross-entropy loss is used to compute the correct label 2
given the unmasked patches XY : Lyjan = — 3yenlog p(ze = 2 | XY).

After one audio SSL model has been trained, it is subsequently used for training
the tokenizer by encoding X to the sequence O = {64}, through knowledge dis-
tillation, as seen in Figure 2.2. The tokenizer’s objective is to predict the teacher
model” output through a transformer estimator, i.e. O = 6, with a cosine similarity
loss. It’s worth noting that the tokenizer’s output is quantized to discrete labels
by mapping the represenations to a codebook vector, and in the first iteration the
discrete labels are obtained through a random-projection tokenizer. By the third
iteration, BEATS is able to outperform all previous SOTA models on the AudioSet
dataset.

2.1.3 Voice Activity Detection

Voice activity detection concerns the task of identifying human speech. Historically,
these conventional algorithms relied on handcrafted features features such as energy
thresholds, zero-crossing rate and spectrum analysis [37]. While impressive results
have been achieved, challenges persist regarding robustness across different environ-
ments. Modern approaches utilizing neural-based networks have shown major im-
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provements compared with conventional methods, not least in noisy environments.
[38]. Silero VAD is an example of a recently developed neural-based VAD model;
employing multi-head attention (MHA) with Short-Time Fourier transform (STFT)
features [39]. The evaluation metrics, provided from eight datasets, including both
clean and noisy speech in various settings showcase strong capabilities. The model
achieves AUC scores of around 0.94-0.98 across all datasets, except for one where it
achieves a score of 0.79 [40].

2.2 Classification Models

Classification models are supervised learning methods used to predict a discrete
class label from a set of input features. Numerous models exist; here two commonly
used classifiers are presented: logistic regression and XGBoost.

2.2.1 Logistic Regression

Binary logistic regression [41] is a classifier that is often appropriate to use when
interpretability is important. The model provides an interpretable description of the
relationship between a binary outcome variable Y and a set of predictor variables
x. More formally, let

m(x)=Pr(Y =1| X =2x), (2.1)

denote the conditional probability that the outcome equals 1. In contrast, 1 — 7(z)
denotes the conditional probability that the outcome equals 0. The log-odds of the
outcome are assumed to be a linear function of the predictors:

log (%) = Bo + B (2.2)

Solving for 7(z) gives the logistic function:

m(x) = exp(fo + 5)
1 4exp(fo+ 7))’

1
1+exp[—(Bo+BT )]

(2.3)

This corresponds to applying the

which is equivalent to 7(z) =
sigmoid function to 3y + BT .

2.2.2 XGBoost

XGBoost (eXtreme Gradient Boosting) is a scalable machine learning algorithm
based on gradient boosting. Boosting is a technique in which multiple "weak learn-
ers”, i.e. models with limited predictive ability are combined to form a single pre-
diction rule [42]. Decision trees are commonly adopted as weak learners [43]. The
algorithm is formulated as follows [44]: given N samples {(a;, b;)}Y, where a; de-
notes the observed features, and b; the associated labels, the boosting procedure is
carried out over T iterations. In iteration ¢ each a weak learner h; is trained with

respect to a distribution D; over the training examples. This distribution determines
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the relative importance of each example in the current iteration. The weighted error
of h; is given by:

e = Privp, [he(ai) # bi] = Eiup, [L{hi(a:) # bi}] = S5, De(i)1 {hu(as) # bi} .(2.4)

The errors are used to update D; to D;,1, meaning that examples misclassified by
hy are assigned higher weight in distribution D;,;. Consequently, the next learner
h¢yq is trained with respect to D;.1. Despite the fact that each learner might only
perform slightly better than random guessing under their respective distributions,
the resulting aggregation of the T predictions demonstrates strong predictive capa-
bility. In the case of binary classification with h:(a;) € {—1,+1}, the final classifier
is defined as:

T
H(a) = sign (Z atht(a)> , (2.5)
t=1
where «; is a weight adjusts how much influence each learner has.

Gradient boosting extends the idea of boosting by optimizing over more general loss
functions [j, 45]. The algorithm is as follows [46, 45]: a model F;_; is updated
by introducing a new weak learner h;, and constructing the update as Fi(a) =
Fi_1(a) + nhi(a), where 7 is the learning rate. Hence after T iterations:

Fr(a) = Fo(a) + ; nhi(a). (2.6)

By computing the loss function £(F;) = SN, L(b;, Fi(a;)) and computing the neg-
ative gradient, so called pseudo-residuals r;; are obtained [47]:

Py = — laLg);(Zz‘(;i))L:Ft_l . (2.7)

The weak learner’s h; objective is to correct for these error such that h; ~ r;, i.e.
the training set of interest is ({a;, ri:})Y, [45, 46].

XGBoost follows the same ensemble approach; the main difference is that XGBoost
introduces optimization techniques that make tree boosting scalable [46]. It makes
efficient use of parallelization and better utilization of cache access and out-of-core
computation. As for the algorithmic aspect, during the tree splitting procedure
histograms are utilized to find split points with a greedy approach. XGBoost also
incorporates sparsity-aware split finding, meaning it can handle missing data ef-
ficiently. Moreover, mechanisms for controlling overfitting are also built into the
model, such as subsampling, shrinking the learning rate, and regularization of leaf
weights [48]. Empirically, XGBoost has shown strong capabilities in supervised ma-
chine learning tasks that involve tabular data, often outperforming deep models [49,
50].

12
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2.3 Validation Strategies

Reliable model validation is important to ensure that a machine learning model
generalizes well to unseen data. The choice of validation strategy depends on the
structure and characteristics of the underlying dataset, such as class balance and
sample independence. This section outlines the cross-validation techniques used and
details how grouping constraints are applied to prevent data leakage in correlated
datasets.

2.3.1 Cross-Validation

Cross-validation is a resampling-based validation strategy commonly used to evalu-
ate and estimate the generalization of machine learning models [51]. In k-fold cross
validation, the dataset is partitioned into k subsets, or "folds”, of equal size. The
model is then trained on k£ — 1 folds and evaluated on the remaining fold. This
process is repeated until each fold has acted as the validation fold. Stratified k-fold
cross validation is a cross-validation technique that ensures that each fold contains
the same class proportions as the original dataset, which is crucial for imbalanced
data where a standard fold might entirely lack minority class samples.

By collecting the model’s predictions on each validation fold, a complete set of out-
of-fold (OOF) predictions is generated. Because every sample is predicted using a
model that never saw it during training, aggregating these OOF predictions allows
for an unbiased performance estimation across the entire training dataset.

2.3.2 Grouped Validation

Standard cross-validation assumes that the samples are independent. However, if
multiple samples originate from the same source call, this assumption might not hold.
In segment-based audio classification, segments extracted from the same source call
may share similar acoustic patterns. If segments of the same call are distributed
across both training and validation folds, there is a risk of data leakage.

Grouped cross-validation addresses this issue by ensuring that all samples originating
from the same source call are assigned to the same fold [52]. This is achieved by
assigning a group identifier based on the source call and ensuring that all segments
belonging to the same group are assigned to the same fold.

2.4 Performance Evaluation Metrics

Evaluation metrics are important aspects for giving a comprehensive overview of
model performance, especially in the case of imbalanced datasets. Informative met-
rics in these settings include confusion matrices, precision, recall, specificity false
positve rate (FPR), false negative rate (FNR), precision-recall (PR) curves, area
under the precision-recall curves (PR-AUC) and F1-scores.
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In the binary classification setting, the classes are denoted as positive and negative
[53]. The resulting confusion matrix forms a 2x2 grid, comparing the model’s pre-
diction with the true values. It is a visual summarization, with a layout as shown in
Table 2.2. The true positive and true negative cells displays the correctly classified
data points, whereas false positives indicate negatives misclassified as positives, and
vice versa for the false negatives.

Table 2.2: Table showcasing confusion matrix in binary classification setting. It is
desirable to have high true positive and true negative rates.

Predicted class

True class Negative Positive
Negative | True Negative (TN) False Positive (FP)
Positive | False Negative (FN) True Positive (TP)

An important distinction is the rate at which data is correctly classified in relation
to its misclassifications. Recall, precision and specificity provide useful insight to
model performance in regards to this [53, 54]. These are defined as:

TP
Precision = ———— 2.
recision TP EP (2.8)
TP
l=—— 2.
Reca TP FN’ (2.9)
TN
ificity = ————. 2.1
Specificity TN L FP (2.10)

Specificity measures the proportion of negative samples correctly identified as nega-
tives. However, in safety critical applications it might be more intuitive to track the
rate of error instead. The False Positive Rate (FPR) is the complement to speci-
ficity and represents the proportion of actual negative samples that are incorrectly
classified as positives [55]:

FP
FPR = ——. 2.11
R TN+ FP ( )

Similarly, the complement to recall, false negative rate (FNR), measures the pro-
portion of positive samples that are incorrectly classified as negative, and is defined
as [55]:

_FN
TP+ FN’

Furthermore, the Fl-score metric is a measurement that combines both precision
and recall by computing the harmonic mean of the two [54]. The score is defined as:

FNR (2.12)

B 2 - Precion - Recall

F1 (2.13)

~ Precision + Recall’

14



2. Theory

PR curves are suitable in instances where the positive class is heavily outnumbered
[53]. It gives an overview of how different classification thresholds values affect the
precision and recall rates. Moreover, by computing the PR-AUC score, an overview
of the overall performance of the classifier across all threshold can be obtained. The
higher the area, the more appropriate is the classifier.

2.5 Statistical Uncertainty

Performance metrics estimated on finite sampled datasets are subject to statistical
uncertainty. This is especially important when evaluating small test sets, as a single
classification outcome can drastically change the reported performance metric. Con-
fidence intervals provide an estimate of the range within which the true performance
metric is likely to lie.

2.5.1 Wilson Score Intervals

The Wilson score interval is a method used to compute confidence intervals for
binomial proportions, such as accuracy or recall [56]. Compared to normal approxi-
mation methods, Wilson intervals are more accurate for small sample sizes, or when
proportions are close to 0 or 1. The lower and upper bounds of the Wilson score
interval are calculated as follows:

A 22 p(1—p) z
+ Z= + 2 p(1—p + =
_ P o nZ (2.14)
Where p is the observed proportion, n is the sample size, z is the z-score correspond-
ing to the desired confidence level.

CI

2.5.2 Bootstrap Confidence Intervals

Bootstrap confidence intervals estimate uncertainty by repeated resampling with
replacement of the evaluation data [57]. Bootstrap confidence intervals are partic-
ularly useful for performance metrics such as Fl-score, ROC-AUC, and PR-AUC,
for which confidence intervals cannot easily be calculated using analytical formulas.
Stratified bootstrapping ensures that the proportion of classes stays the same as the
target dataset.

Bootstrap is usually performed for thousands of iterations. For each iteration, a
random sample of equal size to the target dataset is generated by randomly drawing
observations with replacement. Performance metrics are then computed for each
resampled dataset, from which the empirical distributions are used to calculate the
intervals from the quantiles of these distributions.
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Methodology

The following chapter presents an in-depth overview of the dataset used, the methods
utilized, the analysis procedures, and the motivations for the actions taken. The
objective of the work was not only to maximize classification performance, but to
investigate how task formulation, negative-class construction, and representation
strategy affect the detectability of accidental emergency calls.

3.1 Dataset Description

The dataset amounted to 9752 real calls received by SOS Alarm. All calls lasting less
than three seconds were discarded due to the short time frame, resulting in 9337 files.
The data mirrored real life proportions, with ”Silent 112” making up approximately
17% of the data. In order to obtain a representative collection reflecting human
behavior, the data, which were randomly sampled, included both weekdays and
weekends and all times of the day.

3.2 Dataset Limitations and Problem Reformula-
tion

Several limitations were identified in the available dataset during the initial stages of
the project. In particular, differences between the intended outcome and the avail-
able audio data, together with the broad nature of the operator-assigned categories,
motivated a more narrow and distinct problem formulation of the classification task,
rather than trying to model using the operator-assigned labels. This section de-
scribes the dataset constraints, the exploratory analysis process, and a more defined
problem definition that is more aligned with the operational objective.

3.2.1 Operational Constraints and Early Detection

The intended objective of the system is to identify accidental emergency calls as early
as possible. In practice, this would ideally involve analysis of the audio captured
immediately after the call was initiated, before the operator has connected to the
caller, which is accessible but not currently stored. The available data therefore
only capture audio after the operator has connected to the call. As a consequence,
the dataset did not contain the earliest stage of audio from when the caller initiated
the call, which may include acoustic cues that are highly relevant for distinguishing
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Table 3.1: Table showcasing the different categories within the dataset.

Class Description Amount

Silent 112 The operator is unable to establish contact with the 1291
caller

Emergency call Urgent situation that requires prompt assistance from 6742
emergency services

Police 114 14 Caller is referred to 114 14 when the need for help is 212
not considered urgent

Did not know When the caller themselves does not know they called 384

they had called 112

112

Nuisance call When the caller intentionally calls to disturb the 112 239
service

Referred to other  Caller is referred to support outside the 112 205

help organization

Other, not 112 Calls with no urgent need for help and no referral to 264

other services

Total 9337

accidental calls from real emergencies. This introduces a mismatch between the
intended objective and the available training data. In an attempt to approximate
early-stage call classification, experiments were designed using only the initial 10
seconds of the available audio.

3.2.2 Limitations of the ”Silent 112”7 Category

The operator-labeled "Silent 112”7 category contains silent emergency calls of het-
erogeneous acoustic characteristics and varying underlying causes. The primary
defining characteristic of these calls is that the operator did not establish any con-
tact with the caller, rather than the presence of a specific acoustic pattern. As a
consequence, the category includes calls with diverse audio characteristics, such as
near-silent audio, background speech or environmental noise, irregular noise, and
subtle acoustic activity.

An initial experiment was therefore conducted where a model was trained using the
broad ”Silent 1127 category as the positive class and the real emergency category as
the negative class. Particular emphasis was placed on evaluating model behavior on
challenging negative samples, such as real emergencies that do not contain speech in
the initial moment of a call. These experiments served both as a baseline evaluation
and as motivation for a more refined reformulation of the target classification task.
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3.2.3 Manual Audio Inspection and Definition of Target Class

To better understand the dataset, a manual exploratory inspection of call samples
was conducted. The calls were reviewed individually to identify recurring acoustic
patterns and to qualitatively assess whether acoustically consistent subcategories
could be identified. All categories presented in Table 3.1 were analyzed, with partic-
ular emphasis on the ”Silent 112” and ”Did not know they had called 1127 categories.
The latter category generally contained calls where the caller verbally confirmed that
the call had been accidental.

During the inspection process, observations related to background noise, speech pres-
ence, environmental sounds, device handling, and other forms of acoustic activity
were documented. Particular attention was given to identifying calls that exhibited
characteristics consistent with accidental dialing behavior.

The manual inspection process was primarily intended to support qualitative under-
standing of the dataset and guide reformulation of the classification problem. Based
on these observations, a more narrowly defined target class representing irregular
noise was constructed. This subcategory was referred to as "pocket calls”, since
the irregular noise by which they are characterized resembles the friction noise of a
microphone rubbing against a fabric.

This subcategory of silent emergency calls was constructed using a majority of calls
from the ”Silent 1127 category together with some confirmed cases of accidental
"pocket calls” from the "Did not know they had called 112” category. In total, 117
samples with pocket-call characteristics were found in the ”Silent 112” category, and
11 samples were found in the "Did not know they had called 112” category, resulting
in 128 calls total. Among these, 7 calls exhibited distinct irregular noise and were
later verbally confirmed by the caller to be an accidental pocket call.

Manual inspection revealed substantial acoustic heterogeneity within the operator
assigned "Silent 112”7 category. Multiple distinct call types were observed, including
nearly silent recordings, calls containing environmental noise, background speech,
and calls exhibiting characteristics consistent with accidental pocket dialing be-
havior. The observed subcategories identified within ”Silent 112”7 are presented in
Table 3.2.

The reason why identifying "pocket calls” seems feasible lies in the intrinsic char-
acteristics of the sounds emitted during these calls. Pocket calls may generate con-
tinuous irregular friction noise patterns caused by movement of the device against
the fabric, regardless of whether the operator has answered the call. This may not
hold for other silent emergency call types, where the caller may remain silent while
waiting for the operator to answer, making these calls more difficult to distinguish
acoustically from accidental pocket calls.

These observations motivated the more defined "pocket call” classification of acci-
dental emergency calls. The exploratory analysis combined qualitative audio record-
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Table 3.2: Acoustically observed subcategories identified within the ”Silent 112”
category during manual inspection.

Class Description Amount

Complete silence  The audio from the caller side is devoid of any 168
sounds

Background Speech can be overheard but it’s not directed into 271

voices the microphone

Pocket calls The audio contains continuous noise for most or 128

all of the call

Keypad sounds Silence is accompanied with occasional keypad 26
button presses

Silent call with Broad category containing various sounds that 690
noises cannot be specified into any of the other “Silent
1127 categories

Respiratory A person can be overheard breathing 8
sounds

ing inspections with quantitative feature-space analysis, described in section 3.5.
The "pocket call” target class was then also compared against the operator-assigned
"Silent 112”7 category to evaluate whether it better aligns with the operational ob-
jective of detecting accidental silent emergency calls.

3.2.4 Voice Activity Detection Analysis

A point of interest was to inspect the distributions of how long time it takes until
a caller in an emergency situation starts to interact with the operator. A simple
exploratory speech detection algorithm utilizing Silero VAD was constructed to get
a rough estimation of this, which is described here.

Let Z[l] denote an individual audio sample at index [, where [ = 0,...,L — 1 and
L denotes the total number of samples in the signal. The complete audio signal is
x = {#[l]}}5}. With sampling frequency f, = 16 kHz, Silero VAD uses a frame
length of W = 512 samples [58]. The signal is divided into N = |L/W] non-
overlapping frames of length W. An audio frame at index n is defined as:

x, = {ZnW + ]} n=0,...,N-—1 (3.1)
Each frame corresponds to:
W 512
R = =39 3.2
7. 16000 o™ (32)

of audio. For each frame, a speech detection rule is applied s,, = 1(p(x,) > 7), where
p(x,) denotes the speech probability and 7 is an adjustable threshold. Furthermore,
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once a segment j has been identified, the complete speech segment S; is ended only
when four consecutive frames fall below a negative threshold 7 [58]. That is, an
endpoint is registered at frame n if p(x,4,) < 7,7 = 0,1,2,3. The duration of S; in

seconds is
W

d; = |S;|—, 3.3
=181 3:3)
where |S;| denotes the number of frames in the segment. The first valid speech
segment is defined as j* = min{j : d; > 0.15}. The onset time for the first detected

speech is:

w
fs
The minimal duration of 0.15 seconds, which corresponds to at least five audio
frames, was arbitrarily set, with in mind that it should capture short utterances.

Instead, the main voice detection restriction was implemented by setting the thresh-
olds 7 = 0.9 and 7 = 0.75.

t* = min(S;+) (3.4)

Though the hyperparameter values haven’t been properly evaluated, the algorithm’s
performance was quickly assessed by listening to a very small subset of calls. For
each call, our perception of speech onset time was compared with the the algorithm’s
output, and it aligned well in all cases. The resulting speech-onset estimates were
used to construct delayed-speech emergency call subsets described in the following
subsection.

3.3 Audio Preprocessing and Segmentation

All call data were processed at a sampling rate of 16 kHz, which matches the sam-
pling rate expected by the pretrained BEATs model used later for feature extraction.
The call data contained separate audio channels for the caller and the emergency
operator. Since the objective of the work was to analyze the caller acoustic behavior,
only the caller audio channel was retained for further processing. Since the focus of
this work was to analyze the earliest portion of each call, only the first 10 seconds of
each call were kept, as motivated in subsection 3.2.1. Additional experiments using
shorter durations were performed as part of the early-detection analysis presented
in section 3.10.

One representation strategy consisted of extracting a single feature vector from the
initial audio interval of each call. Calls longer than 10 seconds were truncated to
the first 10 seconds, whereas calls shorter than 10 seconds were retained in their en-
tirety. Feature extraction was then performed on the available audio interval. This
representation strategy served as the primary baseline representation and was used
in several analyses, including comparison between the original ”Silent 112”7 category
and the manually defined "pocket call” subset, as well as comparison between the
handcrafted features and BEATs embeddings.
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In addition to extracting a single feature vector from the initial audio interval,
segment-based processing strategies were analyzed in order to enable localized acous-
tic detection. Rather than representing the entire analyzed audio interval using a
single feature vector, the audio was divided into shorter overlapping audio segments
prior to feature extraction. Segment-based processing reduces the risk of short du-
ration acoustic events are diluted when feature representations are computed over
longer audio intervals. Overlapping windows are standard practice in segment-based
audio processing and reduce sensitivity to segment boundaries while increasing the
likelihood that short events are fully captured within at least one segment.

An experiment was conducted to analyze the segment window and overlap sizes.
The sizes included in this experiment were chosen to cover shorter and longer sizes,
and were:

e 1: Segment size: 3.0, overlap 2.0

e 2: Segment size: 5.0, overlap 4.0

e 3: Segment size: 1.0, overlap 0.5

Predictions were initially generated at the segment level. Call-level predictions were
obtained by aggregating segment probabilities, as described later in subsection 3.6.4.

3.4 Feature Extraction

In this project, two different feature representations were investigated: handcrafted
audio features and pretrained self-supervised audio embeddings. Handcrafted fea-
tures were primarily used as a baseline feature representation and for the exploratory
analysis described in section 3.5, due to their intuitive nature compared to self-
supervised embeddings. In addition to representation quality, computational ef-
ficiency is an important consideration for real-time emergency call analysis. The
computational cost of feature extraction was evaluated for both handcrafted fea-
tures and self-supervised embeddings of BEATs. The analysis focused on measuring
feature extraction latency using multiple unseen 10-second audio samples. The mean
and standard deviation extraction times for both handcrafted acoustic features and
BEATSs embeddings were then measured for 50 unseen samples. This analysis was
intended to investigate whether self-supervised representations introduce practical
limitations for real-time emergency call analysis.

3.4.1 Handcrafted Acoustic Features

Handcrafted acoustic features were extracted in order to provide interpretable low-
level representations of the audio signals. Unlike pretrained self-supervised embed-
dings, these features describe spectral and temporal characteristics. The selected
handcrafted features were chosen to capture a wide range of properties of the call
signals, and are described in detail in subsection 2.1.1. The selected features are:

o RMS Energy

e Zero-crossing rate

o Spectral Centroid
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e Spectral Roll-off
o Spectral Flatness
e Spectral Bandwidth

Feature extraction was performed either on the entire truncated 10-second calls,
or on individual audio segments of the 10 second truncated call, depending on the
experiment setup. Audio signals were processed at a sampling rate of 16 kHz using
short-time frame-based analysis with a frame length of 25 ms and a hop length of
10 ms.

For an audio signal segmented into T" overlapping frames, a six dimensional feature
vector f; € R® was extracted for each frame t. To obtain a fixed-dimensional rep-
resentation to be used for classification, statistical pooling was applied across the
temporal dimension. Specifically, the mean and standard deviation of each feature
were computed across all extracted frames:

1 & 1 & )
M:Tth, UZ\ITZ(ft—M) (3.5)
t=1
The pooled statistics were then concatenated to form the final handcrafted feature
representation z = [u; o], where z € R'2. In contrast to the high-dimensional BEATs
embeddings, the handcrafted feature representation provided a compact and inter-
pretable description of the acoustic characteristics of the calls. This enabled analysis
of whether simple low-level acoustics features were sufficient for distinguishing emer-
gency calls from non-emergency calls.

3.4.2 BEATs Embeddings

In addition to handcrafted features, pretrained self-supervised audio embeddings ex-
tracted using the BEATSs framework were explored. BEATS is a transformer-based
audio representation model trained on large-scale audio corpora using self-supervised
learning objectives, as described in subsection 2.1.2. Specifically, the best perform-
ing version of BEATs, BEATS iter3+, was used as the pretrained frozen encoder to
extract embeddings.

Unlike handcrafted audio features, BEATs embeddings provide rich, high-dimensional
learned representations capable of capturing complex acoustic structure and contex-
tual audio information. The use of pretrained embeddings was particularly relevant
in this project due to the limited number of available positive training samples. In
contrast to other popular self-supervised learning audio models, BEATs was specifi-
cally designed as a foundational model for general purpose audio tasks, and not just
speech-related tasks. This fits the problem of this project, as we seek to analyze
audio with absence of speech.

BEATSs embeddings were extracted from either the entire 10-second truncated call
or from individual audio segments of the 10-second truncated call, depending on the
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experimental setup. For an input audio clip of N seconds, the BEATS encoder pro-
duced a sequence of T' frame-level embeddings R = {r;}__,, where each embedding
r, € R™8. The number of frame-level embeddings 7" depended on the duration of the
input audio. To obtain a fixed-dimensional representation required for classification,
the frame-level embeddings were temporally aggregated using mean and standard
deviation pooling across the time dimension 7"

M:;Z% U:J;Z(W—Mf (3.6)

t=1
The resulting pooled statistics were then concatenated to form the final feature
vector z = [u; 0], where z € R™®. This produced a fixed 1536-dimensional represen-
tation for each audio segment or call, regardless of the original audio duration.

3.5 Exploratory Feature-Space Analysis

Using the handcrafted features presented in subsection 3.4.1, an exploratory analy-
sis of the feature distributions was performed in order to investigate the degree of
separability between different call categories. The purpose of this analysis was to
evaluate whether different call types exhibited distinguishable characteristics in the
handcrafted feature space.

Particular emphasis was placed on comparisons involving delayed-speech emergency
calls, since these represent operationally challenging scenarios in which genuine
emergency calls may initially resemble accidental silent calls. The exploratory
analysis focused on the comparisons summarized in Table 3.3. The subcategories
"Delayed-speech emergency calls (5 s)” and "Delayed-speech emergency calls (10 s)”
are shortened to "Delayed-5s” and "Delayed-10s”, respectively.

Table 3.3: The different positive and negative classes considered.

Positive Class ‘ Negative Class

Silent 112 Delayed-5s

Silent 112 Delayed-10s
Pocket Calls Delayed-5s
Pocket Calls Delayed-10s

3.5.1 Distribution Overlap Analysis

To measure the degree of similarity between feature distribution across different
call categories, a distribution overlap analysis was performed for each handcrafted
feature independently. Distribution overlap provides a measure of how much two
distributions overlap and can therefore be used as an indicator of feature separability.
The overlapping coefficient [59] is defined as

A(fi,f2) = [min[fi(@), folx)) do (37)
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where fi(z) and fy(x) denote the estimated probability density functions of two
feature distributions. The coefficient measures the shared area between the two
distributions and takes values in the range [0, 1]. A value of 0 indicates complete
separation, whereas a value of 1 indicates identical distributions. Therefore, lower
overlap values suggest that the feature provides greater separation between the two
call categories.

3.6 Classification Models

In this project, classification experiments were conducted using two supervised learn-
ing approaches: gradient boosted decision trees implemented through XGBoost and
logistic regression. Both classifiers were evaluated under different audio representa-
tion and prediction frameworks in order to analyze how they affected classification
behavior.

The objective of the experiments was not only to evaluate classifier performance, but
also to investigate how different audio representation strategies affected robustness
and early detection capability.

All classifiers trained in these experiments are probabilistic in nature and produce
probability estimates for the positive class, that is, an involuntary emergency call.
Depending on the experiment configuration, predictions were generated either from
a single feature representation extracted from the initial 10 second audio interval,
as described in section 3.3, or from multiple segment representations of the initial
10 second interval that were then aggregated into a call-level prediction.

The segment-based approach was motivated by several considerations. Firstly, calls
may contain short localized acoustic events that risk being diluted when feature
representations are extracted across longer audio intervals. By operating on shorter
overlapping windows, a segment-level approach should increase the likelihood that
informative acoustic patterns are preserved within at least one segment. Addition-
ally, the segment-based approach provides multiple segment-level predictions within
the analyzed audio interval. This enables analysis of how model confidence evolves
as additional portions of the audio interval become available.

The two representation strategies differ primarily in how the analyzed audio interval
is represented. The single-representation approach summarizes the entire 10-second
interval using a single feature vector, whereas the segment-based approach represents
the same interval using multiple overlapping feature vectors that are subsequently
aggregated into a call-level prediction.

3.6.1 XGBoost

XGBoost was selected as the primary nonlinear classification model due to its strong
performance on tabular data and its robustness in settings with limited training
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data. This was considered very relevant for this project given the limited number of
positive training samples available.

For all experiments, the classifier was trained as a binary probabilistic model using
the logistic objective function with the negative log-likelihood evaluation metric.
Class imbalance was handled using the scale pos weight parameter, computed as
the ratio between negative and positive training samples within each experiment:

Nn i
scale pos_weight = —1&ve (3.8)
Npositive
This form of class weighting only scales the positive class, heavily penalizing mis-
classifications of the positive involuntary "pocket call” class.

To reduce overfitting and improve generalization, the row subsampling parameter
and the feature subsampling parameter were both fixed to 0.8 for all experiments.
To avoid an excessively large parameter search, only the learning rate, maximum
depth, and number of estimators were tuned, as described later in section 3.7.

3.6.2 Logistic Regression

In addition to XGBoost, experiments were also conducted using regularized logis-
tic regression, through the Scikit-Learn library. Logistic regression was included
as an alternative linear model due to its simplicity, interpretability, and strong
performance on high-dimensional embedding representations, where semantic and
contextual structure is often linearly separable. Unlike the tree-based model, logistic
regression constructs a linear decision boundary in the feature space. This provides
a useful comparison against the non-linear modelling of XGBoost.

The classifier was trained using L2 regularization, and class imbalance was handled
through the class weighting parameter, which assigns weights inversely proportional
to class frequencies:

W, = _Tlsamples (3.9)

Nelasses * Te
where n. denotes the number of samples belonging to class c. Since all experiments
considered a binary classification task (Ncasses = 2), the minority class received a
higher weight, causing misclassification of positive samples to be penalized more
heavily. The optimization algorithm used was the LBFGS solver, and only the reg-
ularization strength parameter was tuned to avoid excessive hyperparameter search.

3.6.3 Single-Representation Classification

In the single-representation classification approach, each call was represented using a
single feature representation extracted from the initial audio interval. Unless stated
otherwise, the first 10 seconds of caller audio were used as the input window.

26



3. Methodology

Feature representations were generated using the extraction procedures described
in section 3.4. The resulting feature vector was then used as input to the classifier,
producing a single probability estimate for each call sample.

This approach provides a simple, global representation of the analyzed audio interval
and acts as a baseline against which the segment-based approach can be compared.
This approach preserves the complete temporal context of the analyzed interval
within a single feature representation.

3.6.4 Segment-Based Classification

For the segment-based approach, rather than representing the analyzed audio in-
terval using a single feature representation, the audio was divided into multiple
shorter overlapping segments prior to feature extraction, as described in section 3.3.
Feature representations were then extracted independently for each segment using
the procedures described in section 3.4. The classifier then produced segment-level
probabilistic predictions.

Since segment-level classification produces multiple predictions for each call sample,
aggregation strategies were required in order to obtain call-level predictions. Two
strategies were analyzed. The first required all segment probabilities to exceed a
predefined threshold before a call was classified as positive. The second aggregated
segment probabilities by averaging them to obtain a single call-level probability
estimate.

3.7 Training and Validation

Model development and experimental validation were primarily conducted using
cross-validation on the training data. A held-out test set was reserved for final eval-
uation of the selected model configuration in order to reduce the risk of overfitting
experimental decisions to the evaluation data.

3.7.1 Train-Test Splits

In this project, two experimental task formulations were investigated. Initial experi-
ments used the original operator-assigned ”Silent 112” category as the positive class,
while later experiments used the manually identified "pocket call” subset introduced
in section 3.2. The "Emergency Call” category, as presented in Table 3.1, was used
as the negative class for both setups.

Since the two formulations used different positive-class definitions and dataset com-
positions, separate train/test splits were constructed for each setup. Approximately
80% of the samples were assigned to the training set and 20% to the held-out test
set using stratified sampling based on the corresponding file-level labels. Shuffling
was enabled prior to splitting, and a fixed random seed of 1 was used for repro-
ducibility. This split was selected to maximize the training data while preserving
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an independent hold-out test set for final evaluation. The resulting train- and test
split sizes are presented in Table 3.4.

Table 3.4: The two dataset configurations and their corresponding dataset splits.

Configuration ‘ Train Positive ‘ Train Negative ‘ Test Positive ‘ Test Negative

Silent 112 1033 5394 258 1348
Pocket Call 102 5394 26 1348

Once constructed, the held-out test sets remained fixed throughout the following
experiments and were not repeatedly used during exploratory experimentation, fea-
ture scaling, feature selection analysis, negative-class composition experiments or
threshold tuning.

3.7.2 Cross-Validation Strategy

Cross-validation was used throughout the experiments in order to obtain robust per-
formance estimates, which was especially relevant under the limited data conditions.
For experiments based on full-call representations, a stratified k-fold cross-validation
was applied to preserve class distributions across folds.

For segment-based experiments, stratified group k-fold cross validation was used to
ensure that all segments originating from the same call recording was assigned to
the same fold. This prevented data leakage between training and validation data
caused by correlated segments from the same call samples appearing in multiple
folds.

All experiments used five cross-validation folds with shuffling enabled. Out-of-fold
predictions were generated during cross-validation such that each training sample
received a prediction from a model that had not been trained on that sample. This
enabled unbiased analysis of model behavior on all training data, which was impor-
tant under the limited data conditions.

The resulting out-of-fold predictions were used for confusion matrix analysis, feature
representation comparison, segmentation experiments, threshold optimization, and
analysis of false positives occurring within the "Delayed-speech real emergency (5s)”
and "Delayed-speech real emergency (10 s)” subcategories of real emergency calls,
introduced in section 3.8.

3.7.3 Model and Threshold Tuning

The model hyperparameters were optimized using out-of-fold predictions generated
from the training data. A limited grid-search strategy was used to limit complexity,
reduce the risk of overfitting under the limited data conditions, and computational
constraints. Logistic regression experiments varied the regularization parameter C,
while XGBoost experiments varied tree depth and number of estimators. Model
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configurations were primarily ranked using PR-AUC, since this metric is threshold-
independent and suitable for imbalanced binary classification. The hyperparameters
included in the grid-search is presented in Table 3.5.

Table 3.5: Table showcasing the model hyperparameter search.

Model Hyperparameter Tested Values
Logistic Regression Regularization strength, C 0.1, 1.0, 10.0
XGBoost Maximum depth 4,6
XGBoost Learning rate 0.05
XGBoost Number of estimators 100, 200, 300

After selecting the best performing model configurations, probability thresholds were
optimized separately using threshold sweeps on the out-of-fold predictions. This
enabled analysis of the tradeoff between recall and false positive behavior across
different thresholds. Decision thresholds between 0.1 and 0.9 were analyzed in in-
crements of 0.05 using the out-of-fold predictions generated from the training data.

3.8 Negative Class Composition

The negative class consisted of calls from the "Emergency call” category. However,
real emergency calls are in most cases easy to distinguish from silent calls, as they
often contain speech early on from when the operator connected to the call. There-
fore, emphasis of the negative class in the training set was placed on calls with
limited speech activity during the initial portions of the call, since these represent
challenging cases that may acoustically resemble ”Silent 1127 calls.

To identify such calls, the results from subsection 3.2.4 were used. Based on the
speech detection results, two subsets of real emergency calls were constructed:
o Delayed-speech emergency calls (5 s): Real emergency calls without de-
tected speech during the first five seconds.
» Delayed-speech emergency calls (10 s): Real emergency calls without
detected speech during the first ten seconds.

In total, 364 ”"Delayed-speech emergency calls (5 s)” and 45 "Delayed-speech emer-
gency calls (10 s)” were found. The substantial reduction in sample count between
the 5 second and 10 second subsets indicates that most emergency callers began
speaking within the first ten seconds of the call. After the train-test split described
in section 3.7, the number of samples in the training set was 295 for "Delayed-
speech emergency calls (5 s)” and 34 for "Delayed-speech emergency calls (10 s)”.
Experiments were conducted using varying proportions of ordinary emergency calls
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within the negative training class in order to investigate how class construction
affected model behavior. In particular, a varying number of real emergency calls
were combined with the "Delay-speech real emergency (5 s)” and "Delay-speech real
emergency (10 s)” subcategories of real emergency calls. The experimental setup is
presented in Table 3.6.

Table 3.6: Experimental setup of negative class composition within the training
set. "Delayed-speech emergency calls (N s)” is shortened to Delayed-Ns.

Composition ‘ Ordinary emergency call ‘ Delayed-5s ‘ Delayed-10s ‘ Total

Full 2063 294 37 5394
Large 2500 294 37 2831
Medium 1000 294 37 1331
Min 400 294 37 731
Tiny 100 294 37 431
None 0 294 37 331

The experiments were intended to analyze how the inclusion of easy negatives in
the training data influenced the behavior and generalization of the model.

3.9 Evaluation Setup

The final evaluation was conducted using the best performing logistic regression and
XGBoost model configurations identified during the cross-validation experiments on
the training data.

All final experiments were evaluated on the test set that had remained fixed through-
out the model development. This ensured that the performance metrics reported
reflected generalization to previously unseen data. Evaluation focused on metrics
relevant to the imbalanced classification setting and the operational requirements
of the task. These included recall, precision, Fl-score, PR-AUC, false-positive rate
(FPR), and false-negative rate (FNR). In addition to the overall false-positive rate,
separate analysis was performed on the subcategories "Delayed-speech real emer-
gency (5 s)” and "Delayed-speech real emergency (10 s)” of real emergency calls,
which were introduced in section 3.8, since false positives within these categories rep-
resent operationally important cases. For the "Delayed-speech real emergency (5 s)”
case, the available audio is limited to five seconds such that any voice is not included.

To measure statistical uncertainty, 95% confidence intervals were computed for se-
lected performance metrics. Wilson score intervals were used strictly for proportion
based metrics such as recall and false positive rate, while bootstrap confidence inter-
vals using 2000 resampling iterations with replacement were used for all evaluation
metrics including PR-AUC. The bootstrap procedure used a stratified resampling
approach to preserve class proportions across iterations.
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3.10 Early Detection Experiments

In practical emergency call scenarios, it is desirable to identify accidental emergency
calls as soon as possible to reduce operator workload. Therefore, an additional set
of experiments was carried out to evaluate how classification performance changed
when additional call data progressively became available.

Early detection performance was evaluated by truncating the available audio from
the beginning of each call. Separate experiments were conducted using the first 2, 4,
6, 8 and 10 seconds of audio. For each duration, the same preprocessing pipeline and
feature extraction procedures described earlier in this chapter were used. Following
the setup in section 3.9, the experiments utilized the best-performing configurations
of the logistic regression and XGBoost models, evaluating performance on the test
set with the same metrics.

31



3. Methodology

32



4

Results and Discussion

This chapter presents the experimental results obtained throughout the project.
The analysis begins with experiments based on the original operator-assigned ”Silent
1127 category in order to investigate the limitations of modeling on the initial labels.
The results then motivate a more defined target class based on manually identified
"pocket calls”.

The following subsections analyze feature space characteristics, compare handcrafted
audio features against pretrained BEATs embeddings, investigate the influence of
negative class training composition, and compare single-window and segment-based
classification strategies. The chapter concludes with early detection experiments on
tuned models and final evaluations on the held-out test set.

4.1 Initial Experiments Using Original Operator
Labels

Initial experiments were conducted using the original operator-assigned ”"Silent 112”
category as the positive class. The purpose of these experiments was to serve as an
exploratory baseline for understanding the limitations of the original label and to
motivate a more defined target class. For these experiments, both logistic regression
and XGBoost were evaluated using the single-representation classification approach
presented in subsection 3.6.3, with handcrafted acoustic features and BEATs em-
beddings. The precision, recall and F1 scores correspond to the positive ”Silent 112”
class. These results are presented in Table 4.1.

Table 4.1: Classification performance metrics of model trained on the broad ”Silent
1127 category.

Model ‘ Features ‘ F1 ‘ Precision ‘ Recall ‘ PR-AUC

LR Handcrafted | 0.58 0.47 0.77 0.71
LR BEATS 0.86 0.85 0.87 0.91
XGBoost | Handcrafted | 0.76 0.80 0.73 0.83
XGBoost BEATs 0.89 0.89 0.89 0.94

Although these classification metrics in themselves look promising, inspecting the
performance on hard negatives revealed the main consequences of this approach, as
seen in Table 4.2.
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Table 4.2: Classification performance on operationally relevant hard negatives.

Model ‘ Features ‘ FP rate ‘ FN rate ‘ FP Delayed-5s ‘ FP Delayed-10s

LR Handcrafted 0.17 0.23 0.41 0.92
LR BEATS 0.027 0.13 0.078 0.73
XGBoost | Handcrafted 0.035 0.27 0.15 0.78
XGBoost BEATS 0.022 0.11 0.078 0.92

4.2 Exploratory Analysis

Although the initial experiments using the original ”Silent 112” category produced
strong overall classification performance, further analysis revealed that the opera-
tional objective was not effectively achieved. In particular, several real emergency
calls with limited early speech activity were incorrectly classified as accidental silent
calls, indicating substantial acoustic heterogeneity within the original target cate-

gory.

To better understand these limitations, an exploratory analysis was conducted to
investigate whether a more operationally relevant and acoustically coherent target
formulation could be identified. The analysis combined qualitative manual inspec-
tion of call recordings with quantitative feature-space analysis.

4.2.1 Caller Speech Detection

Following the algorithm as described in subsection 3.2.4, an approximate distribution
of the time it taken until contact was established between the operator and person
in need of emergency assistance was constructed. The result is shown in Figure 4.1.
Evidently, it is not uncommon for a help seeker to begin speaking only after some
time has passed. While there is a sharp decline thereafter, a non-negligible amount
of calls have considerable delays. This may further justify the narrowed down scope
of the project and the difficulties of distinguishing silent calls from emergency calls.

4.2.2 Handcrafted Feature Distribution Analysis

The handcrafted feature distribution analysis was conducted to investigate whether
the "pocket call” target class exhibited greater acoustic separability from delayed-
speech emergency calls than the broader operator-assigned ”Silent 1127 category.
For each handcrafted feature, the overlap between feature distributions was esti-
mated for both "Delayed-speech emergency call (5 s)” and ”Delayed-speech emer-
gency call (10 s)” subsets. Lower overlap values indicate greater estimated separa-
bility between the compared distributions.

Table 4.3 presents the estimated overlapping coefficients for the "Delayed-5s” com-
parisons. In general, the "pocket call” category exhibited consistently lower overlap
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Rough Distribution of Time Until Help Seeker Starts Speaking to Operator

Figure 4.1: Distribution showing time elapsed before help seeker begins, showing
that most begin speaking within approximately five seconds, with a small trailing
tail of longer delays.
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values across all handcrafted features, indicating greater estimated acoustic separa-
bility from delayed-speech emergency calls than the "Silent 112” category.

Table 4.3: Delayed-5s overlap comparison.

Feature ‘ Silent 112 Overlap ‘ Pocket Call Overlap
Spectral Roll-off (mean) 0.75 0.52
Spectral Bandwidth (mean) 0.76 0.53
Spectral Roll-off (std) 0.79 0.57
Spectral Centroid (mean) 0.79 0.58
ZCR (mean) 0.80 0.61
Spectral Bandwidth (std) 0.76 0.65
RMS (mean) 0.89 0.67
RMS (std) 0.80 0.67
Spectral Centroid (std) 0.84 0.68
ZCR (std) 0.85 0.69
Spectral Flatness (std) 0.98 0.97
Spectral Flatness (mean) 0.99 0.98

The largest reductions in overlap were observed for spectral domain features. In par-
ticular, the overlap for spectral roll-off (mean) decreased from 0.75 for "Silent 112”
to 0.52 for "pocket calls”, while spectral bandwidth (mean) decreased from 0.76 to
0.53. Although the distributions are still not cleanly separable, the reduced overlap
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suggests that "pocket calls” exhibit more distinct spectral characteristics with im-
proved separability from challenging real emergency calls with delayed speech than
the broader "Silent 112” category.

Figure 4.2 illustrates the selected feature distributions corresponding to the fea-
tures with the lowest overlap values. The top row presents comparisons between the
"Silent 1127 category and ”Delayed-speech emergency calls (5 s)”, while the bottom
row presents the corresponding distributions for the "pocket Call” category. The
x-axis corresponds to the feature value, measured in Hertz for both spectral band-
width and spectral roll-off, while the y-axis shows the estimated density.

The results indicate that the manually constructed "pocket call” class may have
more separable acoustic characteristics than the broad ”Silent 112” category. This
supports the hypothesis that narrowing the target class towards a more defined
category of calls containing irregular friction-like noise improves the acoustic sep-
arability between accidental silent emergency calls and real emergency calls with
delayed speech.

Additional overlap analysis using the "Delayed-speech emergency calls (10 s)” subset
is provided in Appendix A. Similar tendencies were observed, but the smaller sample
size of the subset compromises the stability and reliability of the overlap estimates.

4.3 Pocket Call Classification Experiments

Following the exploratory analysis and formulation of a more defined target class,
classification experiments were conducted using the single-representation classifica-
tion of the initial 10 seconds of each call. These experiments evaluated both hand-
crafted acoustic features and pretrained BEATs embeddings in order to analyze how
feature representation influenced classification performance. These experiments also
acted as a direct comparison against the broad original "Silent 112” label in order to
investigate whether the more defined "pocket call” category improved robustness,
especially against false positives within real emergency calls with limited speech.
Both logistic regression and XGBoost classifiers were evaluated.

Table 4.4: Single-window classification performance metrics.

Model ‘ Features ‘ F1 ‘ Precision ‘ Recall ‘ PR-AUC

LR Handcrafted | 0.31 0.19 0.93 0.39
LR BEATS 0.93 0.92 0.95 0.98
XGBoost | Handcrafted | 0.53 0.52 0.54 0.56
XGBoost BEATSs 0.89 0.89 0.88 0.97

Table 4.4 shows the single-window classification performance for the evaluated fea-
ture representations and classifiers. Overall, models trained using pretrained BEATS
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Figure 4.2: Kernel density estimates of selected handcrafted feature distributions
for comparisons against Delayed-speech emergency calls (5 s). Top row: operator-
assigned Silent 112 category versus delayed-speech emergency calls. Bottom row:
"pocket call” category versus delayed-speech emergency calls.

embeddings substantially outperformed models trained on handcrafted acoustic fea-
tures. The largest improvement was observed for logistic regression, where the
F1-score increased from 0.31 using handcrafted features to 0.93 using BEATs em-
beddings. Similar improvements were observed in precision, PR-AUC, and recall.

Interestingly, logistic regression achieved comparable or better performance than
XGBoost when using BEATs embeddings. This suggests that the pretrained em-
bedding representation already provides a high degree of linear separability between
pocket calls and real emergency calls. In addition to the performance metrics pre-
sented in Table 4.4, operationally relevant metrics are also presented in Table 4.5.
Although overall false positive rates were low for all feature representations and
classifiers, substantially higher false positive rates were observed for operationally
relevant delayer-speech emergency call subsets. In particular, the false positive
rate for delayed-speech emergency calls without speech during the first 10 seconds
remained notably higher than the overall false positive rate, especially for the hand-
crafted feature representations.
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Table 4.5: Single-representation classification performance on operationally rele-
vant hard negatives.

Model ‘ Features ‘ FP rate ‘ FN rate ‘ FP Delayed-5s ‘ FP Delayed-10s

LR Handcrafted 0.078 0.069 0.25 0.89

LR BEATS 0.0017 0.049 0.0068 0.081
XGBoost | Handcrafted | 0.0093 0.46 0.024 0.24
XGBoost BEATs 0.0020 0.1176 0.0068 0.11

The results supports the hypothesis that narrowing the target class towards acousti-
cally characteristic "pocket calls” improves robustness against delayed-speech emer-
gency calls, especially when pretrained BEATs embeddings are used as feature rep-
resentations. The precision-recall curves shown in Figure 4.3 highlights the perfor-
mance difference between handcrafted features and pretrained BEATs embeddings.
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Figure 4.3: Precision-recall curves corresponding to the model and feature config-
urations presented in Table 4.4.
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4.4 Negative-Class Composition Experiments

While the single-window experiments demonstrated promising classification perfor-
mance, many negative samples corresponded to ordinary emergency calls containing
clear speech activity and were therefore comparatively easy to separate from acci-
dental silent calls. Additional experiments were therefore conducted to investigate
how the composition of the negative class influenced model behavior under more
operationally challenging conditions.

The results demonstrate a tradeoff between overall false positive reduction and
preservation of accidental call detection performance, as presented in Figure 4.4.
Increasing the number of ordinary voiced emergency calls in the negative training
class consistently reduced the overall false positive rate. However, excessive inclu-
sion of such easy negative samples increased the false negative rate on accidental
calls and did not significantly improve performance on the operationally challenging
delayed-speech emergency call subsets. Exact metric values corresponding to Fig-
ure 4.4 are presented in Table 4.6.

Effect of training set composition
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Figure 4.4: Effect of ordinary voiced emergency call inclusion in the negative
training class on classification performance.

The configuration using 2500 ordinary voiced emergency calls was selected for subse-
quent experiments, as it provided a balance between low overall false positive rates
and preserved robustness on delayed speech emergency calls while not increasing
false negative rates.
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These experiments suggests that negative class composition to some extent influ-
ences model behavior for accidental call detection. In particular, the results indicates
that training with large numbers of acoustically easy emergency calls may encourage
the classifier to more strongly rely on speech presence rather than learning the char-
acteristics specific to accidental pocket calls. It is worth noting that the differences
are quite small, with most metrics only varying by a few percentage points.

Table 4.6: Classification performance in regards to the number of ordinary voiced
emergency calls included in the negative training class.

No. voiced real calls ‘ FN rate ‘ FP rate ‘ FP Delayed-5s ‘ FP Delayed-10s

0 0.020 0.018 0.010 0.081
100 0.020 0.014 0.010 0.081
400 0.020 0.011 0.0068 0.11
1000 0.020 0.0045 0.0034 0.11
2500 0.020 0.0028 0.0068 0.081
5066 0.049 0.0068 0.0068 0.081

4.5 Segment-Based Classification and Aggregation

Since the single-representation classification approach compressed the entire audio
interval into a single fixed-dimensional feature vector, short-duration acoustic events
may be diluted during temporal pooling. Segment-based classification was there-
fore investigated in order to preserve localized temporal information and analyze
whether this approach could improve performance of accidental call detection. This
is done as described in subsection 3.6.4, where strict aggregation classified a call
as positive only if all segment predictions exceeded the decision threshold, whereas
mean aggregation used the average segment probability across the call.

All experiments in this section used a fixed decision threshold of 0.5. Threshold
optimization was investigated separately in section 4.6.

The results in Table 4.7 indicate that mean aggregation consistently outperformed
strict aggregation across both logistic regression and XGBoost models. The differ-
ence is clear in recall, where strict aggregation produced substantially lower rates
for all segment durations. This suggests that strict aggregation was sensitive to
prediction variability within segments. Since a single segment of low confidence
could strongly influence the final call-level decision, the resulting predictions be-
came highly conservative with limited practical utility for accidental call detection.
In contrast, mean aggregation resulted in considerably improved recall while main-
taining low false positive rates.

To evaluate whether segmentation itself provided benefits beyond temporal local-
ization, the strongest segmented configurations were compared against the corre-
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Table 4.7: Segment-based classification performance for varying segment durations
and aggregation strategies.

Representation ‘ Model ‘ Aggregation ‘ F1 ‘ Recall ‘ FP Rate

Short LR Strict 0.13 0.07 0.00
Short LR Mean 0.79 0.67 0.00070
Medium LR Strict 0.41 0.25 0.00
Medium LR Mean 0.81 0.70 0.0011
Long LR Strict 0.78 | 0.65 0.00040
Long LR Mean 0.89 | 0.86 0.0025
Short XGBoost Strict 0.08 0.04 0.00
Short XGBoost Mean 0.66 | 0.49 0.00
Medium XGBoost Strict 0.48 | 0.31 0.00
Medium XGBoost Mean 0.87 0.78 0.00070
Long XGBoost Strict 0.81 | 0.68 0.00
Long XGBoost Mean 0.92 | 0.90 0.0025

sponding single window representations. Table 4.8 compares the strongest aggrega-
tion configurations with the single-window approach. The single-window approach
slightly out-edges the segmentation approach in performance for both logistic re-
gression and XGBoost. This may indicate that the pretrained BEATs embeddings
already capture sufficient information for this task, reducing the benefit of temporal
segmentation.

Table 4.8: Comparison between full-call and segmented representations using the
strongest configurations.

Representation ‘ Model ‘ Aggregation ‘ F1 ‘ Recall | FP Rate Delayed-10s

Full LR - 0.95 | 0.98 0.081
Long LR Mean 0.96 | 0.96 0.0055
Full XGB - 094 094 0.081
Long XGB Mean 0.92 | 0.89 0.0055

Although segment-based classification did not consistently outperform the full 10
second single-representation approach, the experiments provided useful insights into
how aggregation strategies influence classification behavior. In particular, the re-
sults demonstrated that conservative aggregation strategies may reduce recall while
producing fewer false positives, while mean aggregation preserved detection perfor-
mance while keeping false positive rates low.

Despite the potential advantages of localized analysis provided by the segmentation
classification approach, the full 10 second single-representation approach achieved
the strongest overall performance across both logistic regression and XGBoost. How-
ever, all representation approaches are carried forward into the subsequent hyper-
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parameter optimization and threshold tuning phases to analyze if such tuning alters
the outcome.

4.6 Hyperparameter and Threshold Optimization

Following the representation and aggregation experiments, hyperparameter opti-
mization and threshold tuning experiments were conducted using BEATs embed-
dings for logistic regression and XGBoost. The objective was to investigate whether
classifier specific hyperparameter tuning and threshold selection could further im-
prove operational performance.

For logistic regression, the regularization parameter C' was varied across multiple
configurations. For XGBoost, experiments investigated combinations of maximum
tree depth and number of estimators. Performance was evaluated using cross-
validated F1-score, recall, PR-AUC, and false positive rates. Table 4.9 summarizes
the strongest performing and most operationally informative hyperparameter con-
figurations across both classifiers.

The hyperparameter experiments produced relatively small performance differences
across configurations. For logistic regression, the strongest performing configura-
tions were consistently obtained using full 10 second single window representations
with BEATs embeddings. The logistic regression configuration with C' = 10.0
achieved an F1l-score of approximately 0.94 with a recall of 0.99 while maintaining
low false positive rates. Interestingly, the long segment logistic regression configura-
tion with C' = 0.1 achieved an F1 score of 0.93 while slightly reducing false positive
rates compared to the strongest single window configuration. However, short- and
medium segment representations exhibited noticeably reduced recall.

For XGBoost, the strongest configurations were again obtained using full 10 sec-
ond single window representations with BEATs embeddings. The best performing
XGBoost models achieved F1-scores of approximately 0.95 with recall around 0.94.
Although several XGBoost configurations performed well on false positive rates, and
even achieved slightly higher Fl-scores than logistic regression, these models also
produced lower recall.

While some configurations achieved marginally lower false positive rates, model se-
lection was ultimately guided by operational considerations. With this in mind,
reducing false positives is important to avoid incorrectly flagging genuine emer-
gency calls as accidental calls. However, the observed reductions in false positive
rates were generally small and often accompanied by a more noticeable reduction
in recall. Given the operational cost of missing true pocket calls, configurations
with higher recall were preferred when the increase in false positive rate was lim-
ited. Based on this trade-off, the final selected configurations were logistic regression
with C' = 10.0 and XGBoost with a maximum tree depth of 6 and 200 estimators,
both using the full 10-second single-window BEATS representation.
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Table 4.9: Table showcasing the model hyperparameter search.

Model Representation Hyperparameter F1 RecallFPR FPR
Delayed-
10s
Logistic Single window C =10.0 0.94 0.99 0.0039 0.11
Regres-
sion
Logistic Single window C=10 0.94 1.00 0.0046 0.11
Regres-
sion
Logistic Long segments C=0.1 0.93 094 0.0029 0.054
Regres-
sion
Logistic Single window C=0.1 0.87 1.00 0.011 0.32
Regres-
sion
XGBoost  Single window Max. depth =6, 0.95 0.94 0.059 0.054
No. estimators =
200
XGBoost  Single window Max. depth =6, 0.95 0.94 0.059 0.054
No. estimators =
300
XGBoost  Long segments Max. depth =6, 0.93 0.92 0.0042 0.16
No. estimators =
200
XGBoost  Single window Max. depth =4, 0.90 0.89 0.0024 0.054

No. estimators =
100

To further analyze classifier behavior and decision threshold, precision recall curves
were generated for the top performing model configurations ranked by PR-AUC.

The precision-recall curves presented in Figure 4.5 show that logistic regression us-
ing full 10 second single window representations outperformed segmented approaches
across most decision thresholds. The top three single window configurations achieved
PR-AUC values above 0.99, indicating strong separability between "pocket calls”
and ordinary emergency calls. In contrast, segmented representations showed ear-
lier precision degradation at high recall levels.

The XGBoost precision-recall curve presented in Figure 4.6 exhibited a similar over-
all behavior. Single window representations again achieved the highest PR-AUC
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Figure 4.5: Precision-recall curves for the top performing logistic regression con-
figurations ranked by PR-AUC.
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Figure 4.6: Precision-recall curves for the top performing XGBoost configurations
ranked by PR-AUC.

values, while segmented representations produced slightly earlier precision degrada-
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tion at high recall values.

Threshold sweeps were conducted on the strongest performing logistic regression and
XGBoost hyperparameter configurations to investigate trade-offs between recall and
false positive rates.
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Figure 4.7: Threshold sweep for the strongest performing logistic regression con-
figuration using full 10 second single window BEATs embeddings. The black line
indicates the 0.70 decision threshold.

Figure 4.7 shows the threshold sweep analysis for logistic regression. Increasing the
decision threshold significantly reduced false positive rates while maintaining high
recall. Thresholds around 0.70 produced the strongest operational trade-off, achiev-
ing recall values above 0.98 while simultaneously reducing overall and delayed-speech
false positive rates. At this decision threshold, the classifier maintained an F1-score
of 0.98 while reducing the false positive rate to approximately 0.0014.
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A similar threshold sweep was performed for XGBoost, with a resulting threshold of
0.75 producing a balanced operational trade-off between the recall and false positive
rate. The corresponding threshold sweep curves are provided in Figure A.1

Overall, the experiments demonstrated that hyperparameter optimization gave slight
performance improvements, but did not alter the ranking of the evaluated represen-
tations. Full 10 second single window representations consistently remained the
strongest performing representation across both classifiers. Threshold optimization
produced significant operational improvements, reducing false positive rates while
maintaining high recall for "pocket calls”.

4.7 Held-Out Test Set Evaluation

Following hyperparameter optimization and threshold tuning, the final selected lo-
gistic regression and XGBoost models were evaluated on the held-out test set con-
taining unseen emergency and non-emergency calls. The intended outcome of this
section was to assess how well the selected models generalized to previously unseen
data. In addition to overall performance, further analyses were conducted to inves-
tigate model robustness under delayed-speech emergency call conditions, emergency
calls containing only respiratory audio, and early detection scenarios with limited
available audio.

Performance was evaluated using precision, recall, F1-score, PR-AUC, false positive
rate (FPR) and false negative rate (FNR). Confidence intervals were also computed
using both Wilson score intervals and bootstrap confidence intervals in order to
estimate uncertainty of the reported metrics.

4.7.1 Full Test Set Performance

Table 4.10 presents the final held-out test set performance for the selected logistic
regression and XGBoost models using the full 10-second BEATS representation. The
full test set contained 1348 real emergency calls, where 70 samples corresponded to
"Delayed-speech emergency calls (5 s)” and 8 samples to "Delayed-speech emergency
calls (10 s)”, and 26 "pocket calls”.

Table 4.10: Final held-out test set performance for logistic regression and XG-
Boost.

Model ‘ Precision ‘ Recall ‘ F1 ‘ PR-AUC ‘ FPR ‘ FPR Delayed-10s

LR 1.00 0.92 | 0.96 0.97 0.00 0.00
XGB 0.96 0.88 | 0.92 0.98 0.0007 0.00

The logistic regression model achieved strong overall performance on the unseen
test set, obtaining a recall of 0.92 and an F1-score of 0.96. No false positives were
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produced on the negative test samples. The model achieved a PR-AUC of 0.97, in-
dicating strong separation capability between emergency and non-emergency calls.
Among the 26 "pocket calls”, two were misclassified as false negatives.

Confidence interval analysis indicated relatively stable performance despite limited
number of "pocket call” samples in the test set. The Wilson score interval for recall
ranged from 0.76 to 0.98 while the bootstrap confidence interval ranged from 0.81
to 1.00. The bootstrap confidence interval for PR-AUC ranged from 0.91 to 1.00,
suggesting consistently high ranking performance across resampled test sets.

The XGBoost model achieved a recall of 0.88 and an F1l-score of 0.92 on the same
test set. One false positive was produced, and the model achieved a PR-AUC of
0.98. Although the PR-AUC was slightly higher than logistic regression, the XG-
Boost model produced a lower recall, missing three emergency calls compared to
two for logistic regression.

For XGBoost, the Wilson score interval for recall ranged from 0.71 to 0.96, while the
bootstrap confidence interval ranged from 0.73 to 1.00. The bootstrap confidence
interval for PR-AUC ranged from 0.93 to 1.00. Similarly to logistic regression, the
intervals remained relatively stable overall, with the intervals for "pocket calls” spe-
cific metrics being broader likely due to limited sample size.

The confusion matrix for the logistic regression model is shown in Figure A.2, while
the corresponding confusion matrix for XGBoost is shown in Figure A.3. These
provide a detailed breakdown of the classification outcomes.

Overall, both models generalized well to unseen data and achieved strong perfor-
mance. However, logistic regression demonstrated more favorable operational char-
acteristics due to its higher recall and absence of false positives.

4.7.2 Delayed-speech Emergency Evaluation

To further investigate robustness under operationally difficult conditions, an ad-
ditional evaluation was conducted using delayed-speech emergency calls. In these
experiments, only the first five seconds of audio were made available to the mod-
els before classification. In total, 72 such calls were available in the test set. This
setup simulated situations in which emergency related speech occurs late in the call.
Table 4.11 presents the evaluation metrics for this experiment setup. Only 11 real
emergency calls with delayed speech up to 10 seconds were available in the test data,
which is why we chose to go with the shorter five second duration.
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Table 4.11: Performance under delayed-speech conditions using only 5 seconds of
available audio.

Model ‘ Precision ‘ Recall ‘ F1 ‘ PR-AUC ‘ FPR ‘ FPR Delayed-5s

LR 0.81 0.96 | 0.88 0.96 0.086 0.086
XGB 0.76 0.85 | 0.80 0.91 0.10 0.10

Both models experienced performance degradation under the delayed-speech con-
dition compared to the full 10 second evaluation. The logistic regression model
maintained comparatively stable recall and Fl-score performance despite the re-
stricted audio duration. Although false positive rates increased slightly, the model
continued to preserve a good tradeoff between false positive rates and recall. The
XGBoost model exhibited a larger performance reduction under the same condi-
tions, particularly in recall.

The confusion matrices for the delayed-speech evaluation are shown in Figure A.4
and Figure A.5. These provide a detailed breakdown of the classification outcomes
under delayed-speech conditions.

For the delayed-speech evaluation, wider confidence intervals were observed com-
pared to the full test set evaluation, likely due to smaller number of samples. For
logistic regression, the Wilson score interval for recall ranged from 0.81 to 0.99, while
the bootstrap confidence interval ranged from 0.89 to 1.00. The corresponding false
positive rate confidence intervals remained comparatively wider, with the Wilson
score interval of the overall false positive rate ranging from 0.040 to 0.18, and the
bootstrap confidence interval ranged from 0.029 to 0.16. This reflects the increased
uncertainty associated with the limited number of negative delayed-speech samples.

4.7.3 Evaluation on Operationally Important Non-Speech
Calls

An additional robustness evaluation was conducted on a small held-out subset of
emergency calls that contained respiratory audio with no clear speech. These calls
were presented in Table 3.2, and consisted of audible breathing sounds and were
excluded from training in order to assess generalization to unseen operationally im-
portant non-verbal emergency calls. These calls were deemed operationally impor-
tant because they represent emergency situations with limited verbal information,
where incorrectly classifying the call as accidental would be a critical error.

Among the eight respiratory audio emergency calls included in this evaluation sub-
set, both logistic regression and XGBoost correctly classified seven calls as non-
accident. Although this evaluation subset was limited in size, the results indicate
that both models were able to distinguish respiratory audio emergency calls from
"pocket calls” with relatively high specificity, even in the absence of speech. The
Wilson score interval for specificity ranged from 0.53 to 0.98 for both classifiers, in-
dicating a significant uncertainty, likely due to the small sample size. These results
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should primarily be interpreted as an exploratory robustness analysis rather than a
conclusive performance evaluation.

4.7.4 Early Detection Performance

Early detection performance was also evaluated to investigate how early emergency
calls could be reliably identified under the current circumstances when only the ini-
tial portion of audio was available to the models. In this experiment, the available
audio duration was progressively limited to 2, 4, 6, 8, and 10 seconds from the
beginning of each call. The objective was to analyze how performance evolved as
additional audio data became available.

Figure 4.8 presents the early detection performance trends for logistic regression and
XGBoost across different audio durations. Both models demonstrated significantly
reduced performance when only the earliest 2 to 4 seconds of audio were available.
Under these conditions, the logistic regression model achieved an F1-score of 0.16,
while XGBoost achieved an Fl-score of 0.17. Although recall remained relatively
high for both models at short durations, F1-score was low due to a large number of
false positives. This indicates that the initial seconds of emergency calls often lack
enough information for reliable classification of this specific task.

Performance improved significantly as more audio became available. At 6 seconds,
logistic regression achieved an Fl-score 0.81 with a recall of 0.96, while XGBoost
achieved an F1-score of 0.84 with a recall of 0.88. At 8 seconds, both models reached
performance levels close to the full 10-second evaluation. Logistic regression achieved
an Fl-score of 0.89 and maintained a recall of 0.96, while XGBoost achieved an F1-
score of 0.88 with a recall of 0.88.

The delayed-speech false positive analysis also highlights the difficulty of early emer-
gency detection. Both models exhibited elevated false positive rates for delayed-
speech emergency calls at short durations. However, these rates decreased steadily
as additional audio became available, with the subset of "Delayed-speech emergency
calls (5 s)” sharply decreasing around the six second mark. This likely corresponds
to the point at which speech begins to appear in these types of calls.

Overall, early detection experiments demonstrated that reliable emergency call clas-
sification under the current setup became feasible after approximately 6-8 seconds
of available call audio.

4.8 Future Work

There are several directions for future work that could extend the findings of this
study. One important limitation concerns the available "pocket call” data. Al-
though the collected dataset contained a significant amount of ordinary emergency
calls, only 128 calls were identified as "pocket calls”. Also, the "pocket call” cate-
gory was constructed through manual inspection of the audio recordings, introducing
subjectivity into the labeling process. Future work should therefore investigate the
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collection of larger and more systematically annotated "pocket call” datasets in or-
der to improve the robustness and generalizability of the findings. It may also be
valuable to investigate whether additional subgroups of silent emergency calls could
be identified, beyond just "pocket calls”.

Another important direction concerns the analyzed audio interval. The current ap-
proach only utilized audio captured after the emergency call had been answered by
the operator. Future work could investigate whether audio occurring between call
initiation and call pickup contains important audio cues and acoustic patterns that
may improve earlier "pocket call” detection.

This work was conducted without the use of any metadata. Future work could inves-
tigate whether additional contextual information, such as time of day or historical
call patterns, could be incorporated to improve classifier performance.

Finally, this study primarily focused on the analysis and feasibility of "pocket call”
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detection rather than real-world deployment considerations. Future work could
therefore investigate how such systems may be integrated into operational emer-
gency workflows and how automated decisions should be handled. Since the current
approach is based on caller-side audio analysis, one possible direction could involve
systems that provide feedback to callers when a call is classified as a potential
"pocket call”. In such a system, a reduction in call priority could be reversed by
manual caller confirmation in cases of incorrect classification. However, the suit-
ability of such systems would depend greatly on the operational requirements of the
emergency dispatch system and requires careful consideration.
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Conclusion

This study investigated the feasibility of identifying accidental silent 112 calls us-
ing only caller-side audio. Two different feature representations were evaluated,
conventional handcrafted acoustic features and pretrained self-supervised BEATS
embeddings. Logistic regression and XGBoost classifiers were evaluated across mul-
tiple experiments, including temporal windowing and segment aggregation strate-
gies, delayed-speech scenarios, and early detection settings.

The findings showed that attempting to classify the entire "Silent 1127 category
as a single class resulted in poor and unstable performance. In contrast, substan-
tially stronger results were obtained when focusing specifically on the "pocket call”
subgroup. Across nearly all experiments, audio embeddings extracted from the pre-
trained BEATs model consistently outperformed conventional handcrafted features,
indicating that pretrained self-supervised audio representations capture more in-
formative acoustic structure for this task. The strongest overall performance was
achieved using BEATs embeddings together with logistic regression on a 10-second
audio window, achieving high recall and low false positive rates.

The experiments also demonstrated that reliable classification became increasingly
feasible as additional audio context became available. Although very short audio
intervals produced unstable predictions and high false positive rates, performance
improved substantially after approximately 6 to 8 seconds of available audio.

Despite the promising results, the findings should be interpreted with caution. The
study was conducted on a limited number of manually identified pocket calls, and
the subgroup labeling process involved subjective manual inspection of calls. Ex-
tensive validation, larger datasets annotated by experts in the field, and operational
considerations would therefore be required before considering integration into real
emergency call systems.

Overall, the results indicate that the caller-side acoustic analysis has potential as a
supporting tool to identify accidental silent emergency calls. Although current work
should be viewed as preliminary, it provides a foundation for continued research on
automated analysis of silent emergency calls.
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Appendix

Table A.1: Delayed-10s overlap comparison

Feature ‘ Silent 112 Overlap ‘ Pocket Call Overlap
RMS (mean) 0.89 0.24
RMS (std) 0.80 0.29
Spectral Bandwidth (mean) 0.77 0.34
Spectral Roll-off (mean) 0.75 0.44
Spectral Roll-off (std) 0.79 0.45
ZCR (mean) 0.80 0.46
Spectral Bandwidth (std) 0.76 0.47
Spectral Centroid (mean) 0.79 0.49
ZCR (std) 0.85 0.52
Spectral Centroid (std) 0.84 0.52
Spectral Flatness (std) 0.98 0.71
Spectral Flatness (mean) 0.99 0.93
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Figure A.1: Threshold sweep for the strongest performing XGBoost configuration
using full 10 second single window BEATs embeddings. The black line indicates the
0.75 decision threshold.
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Figure A.2: Confusion matrix for the final logistic regression model on the held-

out test set. The model correctly classified 24 of 26 pocket calls and produced no
false positives.
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Figure A.3: Confusion matrix for the final XGBoost model on the held-out test

set. The model correctly classified 23 of 26 pocket calls and produced one false
positive.
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Figure A.4: Confusion matrix for the final logistic regression model under delayed-
speech conditions on the test set, using only the first 5 seconds of available audio.
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Figure A.5: Confusion matrix for the final XGBoost model under delayed-speech
conditions on the test set, using only the first 5 seconds of available audio.
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