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Abstract

Understanding the vocal repertoire of social animals, such
as the yellow mongoose (YM), is crucial for deciphering their
social structure and evolutionary history. In this study, we
present an exploratory analysis of YM vocalization detection
and classification using both signal processing and machine
learning approaches. The analysis uses two distinct datasets:
(1) expert-annotated, clean pup vocalizations (n=940), and (2)
noisy field recordings (n=29) captured with directional micro-
phones. Our results indicate that handcrafted features, origi-
nally developed for human speech modeling to represent syl-
lables, are effective for animal vocalization classification, sug-
gesting potential shared acoustic structures. Although detecting
YM vocalizations in wild recordings proved challenging, our
objective is to aid annotators by flagging potential vocalization
segments. The results presented in this work provide a foun-
dation for scalable, semi-automated analysis of animal vocal
repertoires.

Index Terms: animal vocalization, yellow mongoose, language
evolution, handcrafted features, animal VAD

1. Introduction

Social animals rely on vocal communication to navigate com-
plex social structures, but most research has focused on highly
social or obligate social species [1, 2]. The yellow mon-
goose (Cynictis penicillata), as a facultatively social carnivore,
provides an important model for exploring communication in
species with flexible social systems [2, 3]. The Social Complex-
ity Hypothesis suggests that vocal complexity increases with so-
cial complexity [4, 5], yet communication in less social or facul-
tatively social species remains understudied. Investigating the
vocal repertoire and ontogeny of such species, including how
vocalizations develop from pups to adults, can offer insights
into the evolutionary drivers of communication and whether vo-
calizations are innate or learned [2, 6, 7].

Analyzing YM vocalizations is challenging due to their
dependence on social context, which necessitates naturalistic
recordings in group settings [8]. Even after data collection,
the process remains labor-intensive, requiring repeated listen-
ing, annotation, cleaning, and categorization of vocalizations
into distinct types and contexts. These challenges underscore
the need for scalable, semi-automated tools to assist researchers
in analyzing animal vocal repertoires.
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While machine learning approaches have been developed
to address these challenges [9, 10, 11, 12], tools tailored to YM
vocalizations are lacking. This manuscript explores how cur-
rent methods [13, 14, 15] can be adapted for YM vocalization
analysis, focusing on two key research questions: (1) the identi-
fication and classification of vocalization/call types, and (2) the
detection of vocalizations in noisy field recordings.

For the first research question, while some call types are
well-defined (e.g. “’krr voc”, “begging call”, ”chime”, etc), oth-
ers remain ambiguous: either because they are difficult to assign
to known categories or because they may represent previously
undiscovered call types. The challenge here is twofold: first, to
systematically classify these ambiguous vocalizations, and sec-
ond, to determine whether they belong to known categories or
constitute novel types.

The second research question focuses on detecting vocal-
izations in real-world recordings using directional microphones.
Despite the focused capture, recordings are often noisy, obscur-
ing YM vocalizations due to background interference or calls
from other species. Our goal is to assist researchers by flagging
potential vocalization segments, reducing the annotation burden
(e.g. accept high false positives, if accuracy is also high). This
approach lays the foundation for scalable, semi-automated anal-
ysis of animal vocal repertoires.

This exploratory analysis evaluates current methods for ad-
dressing these challenges, laying the groundwork for future
end-to-end solutions. Such solutions would enable vocaliza-
tions to be detected in wild recordings and classified into dis-
tinct groups, ultimately advancing our understanding of YM
communication. The remainder of the manuscript is organized
as follows: 2. Methods describes the dataset, handcrafted fea-
ture sets, and the signal processing and machine learning tools
used. 3. Results presents the vocalization detection and classifi-
cation results, accompanied by analysis. Finally, 4. Discussion
interprets the findings and concludes the study.

2. Methods
2.1. Datasets

The manuscript utilizes YM recordings collected in the Kala-
hari, South Africa, using a Sennheiser ME66 directional micro-
phone and Marantz PMD660 recorder (48 kHz, 24-bit).

2.1.1. Yellow Mongoose Pup Vocalizations

We analyzed a dataset of expert-annotated YM pup vocaliza-
tions, consisting of 940 high-quality recordings labeled into 9
call types, 8 of which were well-defined, while the 9th category,
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“undefined pup voc,” includes vocalizations that could not be
confidently assigned to the known types, potentially represent-
ing ambiguous or novel call types (Figure 1). The dataset is
highly imbalanced, with “krr voc” being the most frequent and
“undefined pup voc” the second largest group. This imbalance
was considered during analysis and interpretation of results.
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Figure 1: Vocalization duration distribution for yellow mon-
goose pup vocalizations.

2.1.2. Field Recordings

The second dataset comprises 29 field recordings captured us-
ing directional microphones. These recordings include a mix of
pup and adult yellow mongoose vocalizations, as well as back-
ground noise and calls from other species. Recordings were
expert annotated, with timestamps marking the start and end of
YM vocalizations (overall, 1948). The total duration of the field
recordings spans several hours.

2.2. Feature Extraction and Classification
2.2.1. Handcrafted Features

For the pup vocalizations, we employed a signal processing-
based approach using handcrafted features. These features
parametrize spectrotemporal patterns of vocalizations and are
rooted in neurocomputational models of speech perception
[16, 17, 18]. They have been previously used in paralin-
guistic challenges, such as Parkinson’s disease detection from
speech [19]. The pipeline involved calculating the short-term
Fourier transform (STFT) for each vocalization (downsampled
to 20.5kHz) using the librosa library [20], collapsing the result-
ing power spectrogram into F=24 frequency channels by aver-
aging the spectral energy in adjacent channels, and binning it
into T=16 temporal segments. The standardized spectrogram
(16x24) was then converted to a dB scale and flattened to create
a feature vector for each vocalization (1x(16x24) = 1x384).

2.2.2. Deep Learning Approach

To classify vocalizations directly from raw waveforms (down-
sampled to 16kHz), we employed a convolutional neural net-
work (CNN). This approach originated from speech processing
[21, 22], and later was extended to animal vocalization [10, 23].
The architecture, detailed in Table 1, consists of four convolu-
tional blocks. Each block includes a convolutional layer, batch
normalization, max pooling, and Rectified Linear Unit (ReLU)
activation. The network concludes with an adaptive average
pooling layer (target size set to 1), allowing it to handle variable-
length waveform inputs. The final layers are fully connected,
producing class probabilities for each vocalization type. The

model was implemented using PyTorch [24] and trained using
the cross-entropy loss function to optimize classification perfor-
mance.

Table 1: CNN architecture for CNN-crafted call classifier. ny
denotes the number of filters. HU denotes the number of hidden
units.

Block Operation Kernel Stride Padding ny/HU

Convolution 5 2 0 20
1 Batch Normalization - - - 20
Max Pooling
ReLU Activation - - - -

Convolution 5 2 0 40
2 Batch Normalization 40

Max Pooling -

ReLU Activation - - - -

Convolution 3 1 0 40
3 Batch Normalization 40

Max Pooling -

ReLU Activation - -

Convolution 3 1 0 40
4 Batch Normalization 40
Max Pooling
ReLU Activation - - - _
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Adaptive Avg Pooling - - - -
5 Flatten - - - -
Fully Connected Layer - - - 10
ReLU Activation - - - -
Fully Connected Layer - - - 9

2.2.3. Classification Protocol

We evaluated both approaches using 5-fold stratified cross-
validation to ensure equal representation of each vocalization
type. For the handcrafted features, we used a random forest
classifier (number of estimators=100, random state=42) imple-
mentation in Scikit-learn [25]. For the CNN, raw waveforms
were used as input. To analyze feature importance and con-
struct the confusion matrix, we split the dataset into 30 % test
and 70 % train sets. Feature importance was assessed using
permutation tests [25], which allowed us to identify the spec-
trotemporal patterns most critical for classifying each call type.
This approach provided insights into which frequency and tem-
poral bins carried the most discriminative information for each
vocalization category.

2.3. Vocalization Detection in Field Recordings

For detecting YM vocalizations in field recordings, we em-
ployed two state-of-the-art models: rVAD [13] and WhisperSeg
(wSeg) [14]. rVAD is an unsupervised model designed for ro-
bust voice activity detection, making it suitable for noisy en-
vironments without requiring labeled training data [13]. Whis-
perSeg, in contrast, is a supervised model pretrained on both hu-
man speech and a diverse set of animal vocalizations, including
those from non-human primates and other mammalian species
[14]. We evaluated the performance of both models in detecting
YM vocalizations, focusing on overlap ratio (ratio of detected
vocalizations to actual vocalizations), false positive rate, and
interval duration between detected segments. Additionally, we



analyzed which call types were more easily detectable, given
their distinct frequency and temporal profiles.

3. Results
3.1. Yellow Mongoose Pup Call Classification Performance

We first compared the performance of the CNN and random RF
approaches using 5-fold cross-validation. As shown in Table 2,
the RF method with handcrafted features consistently outper-
formed the CNN, achieving a mean accuracy of 0.684 (£0.016)
compared to 0.61 (+0.029) for the CNN. Given its superior per-
formance, we selected the RF approach for further analysis.

Table 2: Cross-validation accuracy per fold and mean across
folds

Method | Fold1 Fold2 Fold3 Fold4 Fold5 Mean
CNN 0.63 0.61 0.59 0.56 0.64 0.61 4+ 0.029
RF 0.67 0.699 0.674 0.669 0.709 | 0.684 £+ 0.016

Using a 30-70 test-train split, we trained the RF classifier
on the handcrafted features and evaluated its performance on
the test set.
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Figure 2: Confusion matrix with handcrafted feature sets and
RF classifier.

Table 3: Classification report on the Test set with RF classifier

dataset’s imbalance, particularly the predominance of “’krr” vo-
calizations, likely contributed to the high precision for this
class. Notably, a portion of the “undefined pup voc” samples
were classified as known call types, while a distinct subgroup
remained classified as “undefined.” This pattern suggests that
the handcrafted features capture discriminative spectrotemporal
patterns, aiding classification even in ambiguous cases. Fur-
thermore, the persistence of a subgroup of “undefined pup voc”
samples may indicate the presence of a novel call type not yet
characterized in the dataset.

To further investigate the acoustic characteristics of the un-
defined pup voc” class, we conducted permutation tests to iden-
tify the most important features for each call type.

3.2. Feature Importance Analysis

To elucidate the acoustic basis for the classification of “unde-
fined pup voc” and other call types, we performed permutation
tests to identify the most important spectrotemporal features for
each class. The feature importance maps for the most prominent
call types (based on the number of samples in the dataset) are
presented in Figure 3. The color-map highlights the frequency
and temporal bins that contribute most to the classification of
each vocalization type.

3.3. Vocalization Detection in Field Recordings

We evaluated the ability of rVAD and wSeg to detect yellow
mongoose vocalizations in noisy field recordings, which in-
cluded both pup and adult call types. Figure 4 presents the
overlap ratio (detected vs actual vocalizations) for each audio
file, as well as the detection ratio for each call type. rVAD con-
sistently outperformed wSeg, demonstrating higher sensitivity
across call types and recording conditions.

Both rVAD and wSeg produced a high number of false posi-
tives, but analysis revealed that most false detections were brief
and temporally clustered. Applying post-processing (merging
predictions closer than a set threshold (0.1, 0.5, or 1 second))
reduced false positives for both models without affecting true
positives (Table 4). This demonstrates that simple temporal
smoothing can improve precision while maintaining sensitivity,
making these tools effective for flagging vocalization segments
in real-world recordings.

Table 4: Detection results for rVAD and wSeg after merging the
predictions if the distance is less than a certain threshold (in
seconds).

precision recall fl-score  support
krr voc 0.75 0.75 0.75 113
begging call 0.91 0.64 0.75 33
chime 080 0.0 0.62 8
downwhine 0.00 0.00 0.00 5
peepkrr 0.00 0.00 0.00 3
pup whine 062  0.86 0.72 21
rattle 0.00 0.00 0.00 2
splitkrr 0.00  0.00 0.00 1
undefined pup voc 0.53 0.64 0.58 78
accuracy 0.67 264
macro avg 0.40 0.38 0.38 264
weighted avg 0.67 0.67 0.66 264

The resulting confusion matrix (Figure 2) and classifica-
tion report (Table 3) reveal that the RF classifier successfully
identified several call types with high accuracy. However, the

Method  threshold sensitivity precision
unmerged 0.81 £0.27 0.19+£0.18
0.1s 0.81 +£0.27 0.22+0.21

TVAD 0.5s 0.81 £0.27 0.30+0.25
ls 0.81 £0.27 0.37+0.27
unmerged 0.16 +0.21 0.09 £0.14

S 0.1s 0.16 £0.21 0.10+0.15

WO 05 0.16 021 0.15+0.18

ls 0.17+0.21 0.18 £0.20
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Figure 3: Feature importance map with RF permutation test.
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Figure 4: Performance for rVAD and wSeg across audio files
and call types.

4. Discussion
4.1. Summary of Findings

This manuscript presents an exploratory analysis of yellow
mongoose (YM) vocalization detection and classification, ad-
dressing two key research questions using distinct datasets.
While the long-term goal is to develop an end-to-end frame-
work for detection, classification, and grouping of animal vo-
calizations, this study focuses on evaluating current methods
for each task separately. Our results demonstrate the effective-
ness of state-of-the-art detection algorithms and signal process-
ing techniques for YM vocalization analysis, providing a foun-
dation for scalable, semi-automated analysis of animal (YM)
vocal repertoires.

4.2. Classification Performance and Evolutionary Insights

Our classification results, with an F1 score of approximately
70%, indicate that handcrafted features, originally developed
for human speech analysis [17, 26, 18], are highly effective
for YM vocalization classification. Cross-validation revealed
that the RF approach using these features consistently out-
performed CNN-based approach. These features, rooted in
neurocomputational models of speech perception [17, 26, 18],
parametrize syllables as fundamental units of vocal communi-
cation [27, 28, 29]. Their success in classifying YM vocal-
izations suggests a striking parallel: like human speech, YM
communication is structured around syllable-like bouts. Fur-
thermore, the confusion matrix, show that some “undefined”
vocalizations were confidently assigned to known call types,
while others formed a distinct subgroup. While this does not
constitute definitive proof of novel call types, permutation tests

and feature importance analyses provide objective criteria for
re-evaluating ambiguous vocalizations. The feature importance
maps (Figure 3) reveal the specific temporal and frequency
ranges that distinguish each call type: providing researchers
with a data-driven approach to resolve annotation ambiguities
and potentially discover new vocalization categories.

4.3. Detection Performance and Practical Utility

The detection analysis focused on real-world recordings con-
taining a mix of pup and adult vocalizations, which introduced
additional variability compared to the controlled pup vocal-
ization dataset used for classification. rVAD [13] consistently
outperformed wSeg [14], achieving high sensitivity across call
types. However, its performance came with a trade-oft: a
higher false positive rate, primarily due to brief, clustered seg-
ments. This pattern suggests that simple post-processing, such
as merging nearby segments, significantly improves precision
without sacrificing sensitivity (Table 4). The primary goal of
our detection analysis is to assist annotators by flagging po-
tential vocalization segments, rather than providing fully auto-
mated, high-precision segmentation. By focusing only on pre-
selected segments, researchers can drastically reduce the time
required for manual annotation. For example, instead of review-
ing hours of audio, annotators can prioritize segments flagged
by rVAD, confirming or correcting detections as needed. This
semi-automated approach is particularly valuable in real-world
settings, where background noise and overlapping calls compli-
cate manual annotation. Future refinements, such as integrating
context-aware filtering or hybrid detection models, could fur-
ther enhance the tool’s utility for field researchers.

4.4. Limitations and Future Directions

While this study advances our understanding of YM vocaliza-
tions, several limitations should be acknowledged. First, the
dataset imbalance, particularly the predominance of krr voc”,
may influence classification performance. Future work should
aim to collect more balanced datasets, including underrepre-
sented call types. Second, while rVAD demonstrated robust de-
tection performance, its false positive rate highlights the need
for improved noise suppression or complementary detection
methods. Finally, extending this framework to other species
could reveal broader patterns in animal communication and fur-
ther elucidate the evolutionary origins of vocal complexity.
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