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Abstract. This paper investigates the automatic classification of four
types of Asian elephant vocalizations (rumble, roar, trumpet, and chirp)
recorded in Kaziranga National Park. Apart from the call type classifi-
cation, the study explores individual identification and contextual anal-
ysis. Various classifiers using openSMILE features are developed to facil-
itate the classification process. The results demonstrate accurate clas-
sification of elephant call types and successful classification of context-
specific behavior and individual identity based on trumpet and chirp
calls, respectively. This study highlights the potential of acoustic anal-
ysis for understanding elephant communication and well-being, offering
insights into their context-specific behavior and individual identities.

Keywords: Bioacoustics · Animal behavior · Animal communication ·
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1 Introduction

Asian elephants (Elephas maximus) are social and widely distributed mammals,
relying on acoustic communication to navigate their complex social dynamics
and geographically dispersed locations [3,28]. Acoustic communication plays a
crucial role in various aspects of their lives, including, maintaining group cohe-
siveness, fostering cooperation, mating, and facilitating mother-infant interac-
tions [11,17,22].

The repertoire of vocalizations produced by Asian elephants is remarkably
diverse, encompassing a wide range of sounds that facilitate their communica-
tion. These vocalizations include low-frequency rumbles and growls, which can
propagate over long distances, allowing elephants to communicate effectively over
large areas [9,15]. Additionally, they are capable of producing high-frequency
trumpets, chirps, roars, and barks, showcasing their remarkable vocal versatility
in acoustic communication [14,22,25].
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However, despite the significance of elephant vocalizations, there is still lim-
ited research in the field of automatic classification of call types. Clemins et
al. conducted a study utilizing a hidden Markov model (HMM) for classifying
call types, which stands as one of the few studies in this domain. The authors
utilized mel-frequency cepstral coefficients, log energy, and spectrally derived
features to train HMM classifiers and reported an overall classification accuracy
of 79.7% [4]. However, there is a need for further investigations to address the
existing limitations and develop more refined and accurate call-type classifiers.

Recent research has found a connection between the acoustic structure of
elephant vocalizations and their arousal or motivational states. Berg et al. classi-
fied elephant calls into ten types, with respect to their corresponding behaviors.
High-frequency calls, like trumpets, were associated with emotionally charged
situations, while low-frequency calls like rumbles were prevalent in relaxed social
contexts [1]. The acoustic properties of elephant rumbles reflect individual emo-
tional arousal [23]. For example, rumbles occurring during socializing and agi-
tation exhibit increased fundamental frequencies and decreased duration [30].
Wesolek et al. found that post-nursing cessation rumbles had distinct acoustic
characteristics [29].

In a recent study, Stoeger et al. investigated African elephants (Loxodonta
africana) and their ability to produce various call types, including snorts, rum-
bles, and trumpets in response to verbal cues from trainers (mahouts). The study
revealed that rumbles produced during social interactions with conspecifics had
distinct acoustic characteristics compared to rumbles elicited by trainer cues [24].
Sharma et al. found that rumbles, but not trumpets, were modulated during dis-
turbances among wild Asian elephants [21]. Fuchs et al. observed trumpet calls
conveying individual identity information but no modulation between greeting
and disturbance contexts [7].

For a complete understanding of a species’ communication system, it is essen-
tial to comprehend the information conveyed by the various vocalizations in its
vocal repertoire. The use of vocalizations by a number of non-human mam-
malian species to communicate sex, caller identity, emotional state, and context
has been documented [13,19,20,26]. Caller identity is important in social species
in particular, and this has been observed in the majority of mammal and bird
species.

Individual anatomical and morphological variations in the sound-producing
structures, as well as internal factors and the physiology of sound production,
all affect vocal identity [26]. Soltis et al. [23] and Fuchs et al. [7] used discrimi-
nant functional analysis to study the individual identity of rumble and trumpet
vocalizations respectively, revealing distinctive acoustic characteristics associ-
ated with each call type. In the assessment of individual identity for trumpet
calls, the authors report a classification accuracy of 71.7% [7]. In the analysis
carried out Soltis et al., the accuracy of individual identity based on rumbles
stood at 60.0% [23]. In speaker recognition experiments carried out on rumble
calls, Clemins et al. report an individual identification accuracy of 82.5% [4].
Based on the findings from the aforementioned studies, we have been motivated
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to propose a framework and build models to classify call types followed by indi-
vidual identity and context-specific behavior.

The remainder of the article is structured as follows. Information on the ele-
phant vocalization data gathered for this study is described in Sect. 2. Section 3
describes the proposed framework for detecting call types, individual identi-
ties, and the broad nature of context-specific behaviors in the collected elephant
vocalization database. Section 4 discusses the findings of the study. Section 5
summarizes the conclusions drawn.

Fig. 1. Distribution of sexes and age groups among the studied subjects. (Sub refers
to sub-adult and Juv refers to juvenile).

2 Database

2.1 Subjects and Study Site

The Kaziranga National Park and Tiger Reserve (hereinafter referred to as
KNP), is a World Heritage Site in Assam (India), where the elephant vocal-
ization data was collected. KNP houses around 60 semi-captive Asian elephants
used for activities like patrolling, anti-poaching efforts, and tourism. Each ele-
phant has a mahout to meet their daily needs. These elephants socialize, bathe
together, play, freely browse in the forested area, and are accustomed to the
presence of humans. For this study, based on their locations within KNP, a total
of 25 elephants were selected with their ages spanning from less than 1 year to
60 years. They were categorized into four major age classes based on previous
reports [27]: calf (below 1 year), juvenile (1–5 years), sub-adult (5–15 years),
and adult (15 years and above). Figure 1 lists the sexes and age groups of the
individuals under study.
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2.2 Context-Specific Data Recording

The recording sessions were held throughout the field site, including the ele-
phants’ bathing areas, browsing areas, and places where they are tethered at
night. No manipulative experiments to elicit responses from the elephants were
carried out during these sessions. A round-robin approach was used during
these sessions, with an average of 4 h spent monitoring each subject. A mini-
mum of 15 min to an hour-long observation of their behavior per session was
recorded at an interval of 30 s. We categorized elephant behavior into several
broad categories, including locomotion, social interactions, handler interactions,
self-directed actions, foraging, comfort, and other behaviors [12,18].

In the study, close observation of elephant behavior allowed for interpretation
in the context of their social interactions. Based on this interpretation, three
specific context-specific behaviors were assigned: positive, negative, and neutral.

The positive context-specific behavior was assigned when elephants were
observed interacting with other non-dominant elephants. These interactions
involved socializing, playing, and engaging in behaviors such as physical con-
tact and moving toward each other.

The negative context-specific behavior was assigned when elephants inter-
acted with their mahouts (human caretakers) or other dominant individuals.
During these interactions, elephants exhibited specific behaviors such as head
bobbing and body swaying, which are commonly associated with stress or agi-
tation. Head bobbing refers to repetitive and rhythmic movements of the head,
while body swaying refers to rhythmic side-to-side movements of the body. These
interactions often occurred when elephants displayed signs of fear or distress,
such as retreating or showing avoidance behaviors.

Neutral context-specific behavior was assigned when individuals engaged
in contact calls without clearly displaying positive or negative context-specific
behavior. Contact calls are vocalizations made by elephants to communicate
with each other over long distances.

2.3 Collection and Categorization of Acoustic Data

The elephant vocalization data was recorded during the daytime from February
to April 2021. The data was recorded for a total of 47 d, yielding 103 h of acoustic
data. Behavior, caller’s identity, approximate recording distance, and context
were noted for each recorded vocalization. The vocalizations were collected with
a Sound Devices MixPre-3 II recorder connected to an Earthworks QTC-40 omni
condenser microphone with a frequency response of 3 Hz to 40 kHz, sampling
at a rate of 48 kHz, and a range of 5–100 meters. Nikon D5100 and a Cannon
1200-D digital single-lens reflex camera were used for video recordings.

Through field notes, auditory observation, and spectrogram analysis, all
vocalizations were identified. Based on the results of earlier studies, the vocaliza-
tions were divided into four main call types and combination calls [1,11,22]. A
total of 401 elephant calls, encompassing individuals of all age groups and sexes
were captured during our fieldwork. Detailed information about the dataset can
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Fig. 2. Relative contribution of individual elephant in the data used for call type
classification experiment.

be found in reference [10]. From this dataset, 226 calls, representing all call types,
were selected for developing call type classifiers. The selection was based on the
behavioral context and quality of the calls, as depicted in Fig. 2.

In order to conduct individual identification and context-specific behavior
experiments, two types of calls: trumpet and chirp, were chosen. The rumble
and roar call types were not selected due to the limited amount of data available
per individual for rumble and roar calls. For the individual identification exper-
iment, only the individuals who produced more than three calls were included.
On average, we obtained 12.5 chirp calls from two individuals and 7.5 trumpet
calls from eight individuals. Table 1 provides information regarding the num-
ber of calls used in chirp and trumpet call types for context-specific behavior
experiments.

3 Proposed Framework

A comprehensive framework for analyzing elephant acoustic data is represented
in Fig. 3. The process involves several key steps, starting with the segmentation
of elephant calls. Once the calls are segmented, relevant features are extracted
using advanced techniques. These features capture important acoustic charac-
teristics of the elephant vocalizations. Next, the study utilizes five independent
classifiers, each trained on the extracted features and associated with a specific
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label representing call type. Once the call type label is identified, we deployed
five independent classifiers, each trained on the extracted features and associ-
ated with a specific label representing individual elephant and context-specific
behavior for trumpet and chirp call types. Classification metrics are calculated to
evaluate the performance of the classifiers and assess the quality of the classifica-
tion results. Overall, this framework enables a systematic and effective analysis
of elephant acoustics data, providing valuable insights into call type, individual
identities, and behavioral patterns.

Table 1. Distribution of trumpet and chirp calls across three context-specific behaviors.

Context-specific behavior Number of calls

Chirp Trumpet

Positive 12 13

Neutral 5 22

Negative 8 25

3.1 Segmentation

The process of analyzing the acoustic recordings began with a visual examina-
tion using the PRAAT 6.2.03 software [2]. This involved opening the recordings
and carefully observing the waveforms and spectrograms. We referred to our
field notes and listened to the recordings to gather additional information about
the calls. Once the calls were identified within the raw data, they were pre-
cisely located, marking the start and end times of each call. To extract relevant
information, the calls were then trimmed, selecting the specific portions that
contained the calls of interest.

Fig. 3. A block diagram of the proposed framework. The modules within the dotted
box are replicated for the rest of the call types, indicating their similar functionality.
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Fig. 4. Spectrograms depicting four types of elephant calls: (a) rumble, (b) trumpet,
(c) chirp, and (d) roar. These visual representations highlight the unique characteristics
of the rumble calls, allowing for a clear classification.

3.2 Feature Extraction and Acoustic Analysis

Features were extracted using the Python-based open-source feature extraction
openSMILE toolkit [5]. The feature set is an acoustic parameter set for vari-
ous areas of automatic voice analysis. The feature set was extracted from the
openSMILE toolkit using an extended Geneva Minimalistic Acoustic Parame-
ter Set (eGeMAPS) which resulted in 25 low-level descriptors (LLDs) and 88
functionals were extracted. The 25 LLDs are made up of voicing features, spec-
tral features, cepstral features, and energy features. There are 88 functionals
produced after statistics like the variances, arithmetic mean, standard devia-
tions, and percentiles of the LLDs are calculated. These LLDs were obtained
from 25 ms frames and extracted every 10 ms. Only the 88 functionals served
as inputs for training individual classifiers associated with specific labels, rep-
resenting particular individuals, context-specific behaviors, or call types. The
spectrograms of rumbles, trumpet, and roar calls of elephants exhibited distinct
features, reflecting the unique acoustic characteristics of each call type. Rumbles
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displayed strong energy in the lower frequency range, spanning from infrasound
frequencies to several hundred Hertz, often with harmonic or quasi-harmonic pat-
terns and various modulation patterns. Trumpet calls were characterized by a
wide frequency range, showcasing broadband energy across the entire spectrum,
an initial transient or burst of energy, and potential harmonic structures. Roar
calls demonstrated a broadband distribution of energy with an emphasis on the
mid-frequency range, irregular or modulated patterns, and the presence of har-
monic structures or non-harmonic components. Chirp calls were characterized by
their unique temporal structure. In comparison to the other calls, they were sig-
nificantly shorter in duration, making them stand out noticeably. It’s important
to note that these spectrogram features can vary among individual elephants
and may be influenced by factors such as age, sex, and social context. Further
analysis utilizing advanced signal processing techniques can extract quantitative
features from spectrograms to facilitate classification and in-depth analysis.

3.3 Classifiers

To classify the elephant calls based on context-specific behaviors, call types, and
individual identification, three distinct models were developed, each utilizing
different criteria or feature sets. The models employed five different classification
algorithms: Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Naive
Bayes, Multi-layer Perceptron (MLP), and Random Forest. SVM determined
an optimal hyperplane to separate data points of different classes, while KNN
classified new data based on the majority class of its nearest neighbors. Naive
Bayes calculated the probability of a data point belonging to a certain class based
on the assumption of feature independence. MLP, a type of artificial neural
network, learned complex relationships between inputs and outputs. Random
Forest combined multiple decision trees to make predictions.

For the small size of the database, a k-fold validation methodology, with
k set to 3, is employed to evaluate the classification performances of a model.
The subsets were created so that the sets of utterances within each of the three
subsets were mutually exclusive. Data from test utterances made up subsets
1, 2, and 3 respectively, with each subset accounting for 30% of the testing
set. This approach allowed for comprehensive evaluation and validation of the
performance of each of the models.

3.4 Evalution Metrics

In this study, Accuracy is used to determine how well the classification model
performed. It can be defined as,

Accuracy(%) = 100 × TP + TN

TP + FP + TN + FN
(1)

where TP stands for “true positives”, TN for “true negatives”, FP for “false
positives”, and FN for “false negatives”. The percentage accuracies for 3-fold of
the data are calculated and reported in Tables 2 and 3.
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4 Results and Discussion

4.1 Call Type Experiment

In the context of call type classification, the Random Forest model achieved the
highest accuracy of 82.7%, followed by the Naive Bayes model. The confusion
matrix for this experiment is presented in Fig. 5. Notably, rumbles were classified
with the highest accuracy at 100% due to their low-frequency nature, whereas
roars exhibited the lowest accuracy at 33%. One potential reason for this issue
is the limited availability of training data for the “roar” call type. For the call
type experiment, our findings are consistent with those reported by Clemins et
al. [4].

Table 2. The following table showcases the average accuracy of the five models for
call types.

Classification model Average Accuracy (%)

Support Vector Machine 65.0

K-Nearest Neighbors 64.5

Naive Bayes 72.6

Multi-layer Perceptron 61.0

Random Forest 82.7

To determine which features play an important role in this classification, fea-
ture importance was analyzed. The top five features identified were alphaRatioV-
sma3nz-stddevNorm, loudness-sma3-stddevNorm, loudnessPeaksPerSec, mfcc2-
sma3-stddevNorm, and F1bandwidth-sma3nz-amean. The first feature, alpha-
RatioV, represents the variation of the alpha ratio in an audio signal. This
ratio provides insights into the spectral balance of the signal. The second fea-
ture, loudness-stddevNorm, reflects the normalized standard deviation of the
signal’s loudness. The third feature, loudnessPeaksPerSec, denotes the number
of loudness peaks detected per second in the audio signal. These peaks represent
instances of significantly high amplitude, such as trumpet, chirp, and roar which
have higher frequency calls compared to rumble. Thus, loudness serves as a dis-
tinguishing factor in classifying these sounds, as evident from its inclusion in the
top features for such classification. The fourth feature, mfcc2-stddevNorm, char-
acterizes the second mel-frequency cepstral coefficient (MFCC), and is widely
employed in audio signal analysis for tasks such as speech recognition and speaker
identification. Finally, the fifth feature, F1bandwidth-sma3nz-amean refers to
the width or range of frequencies around the first formant peak, which is an
important component in speech analysis. The first formant represents the pri-
mary resonance frequency of the vocal tract during speech production.
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Fig. 5. Confusion matrix for call type experiment. (C-chirp, R-rumble, Ro-roar, T-
trumpet).

4.2 Context-Specific Behavior and Individual Identification
Experiment

For context-specific behavior and individual identification experiments, we uti-
lized trumpet and chirp calls as the primary data. In the case of context-specific
behavior classification, the Random Forest model achieved the highest accuracy
of 75%, followed by the Naive Bayes model. Similarly, for chirp calls in the case
of context-specific behavior classification, the Random Forest model achieved
the highest accuracy of 72.6%, followed by the Naive Bayes model. Compared
with earlier literature, Fuchs et al. observed trumpet calls in greeting and distur-
bance contexts, achieving a classification accuracy of 58.3%. In our own study,
we observed trumpet calls in three different contexts and achieved a higher clas-
sification accuracy of 75%.

In terms of individual identification experiments, the Random Forest model
is noted to outperform the others, achieving an accuracy of 91.6% for chirp calls
compared to 71.6% for trumpet calls. Chirp calls had higher accuracy for indi-
vidual identification because only data from two individuals were used, whereas
eight individuals’ data were used for trumpet calls. Compared with earlier liter-
ature, rumble, and trumpet calls were classified according to individual identity,
indicating that acoustic characteristics varied based on the individual identity of
the caller [7,23]. When specifically comparing trumpet calls, it is worth noting
that Fuchs et al. [7] reported a classification accuracy of 71.7% for six individual
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Table 3. The average accuracies of the five different models for context-specific behav-
ior (Context) and individual identification (Identity) experiments for trumpet and chirp
call types.

Classification model Average Accuracy (%)

Trumpet Chirp

Context Identity Context Identity

Support Vector Machine 54.9 43.3 48.6 83.7

K-Nearest Neighbors 48.3 46.6 51.8 79.6

Naive Bayes 58.3 58.3 64.3 87.9

Multi-layer Perceptron 53.3 46.6 43.9 68.0

Random Forest 75.0 71.6 72.6 91.6

elephants, whereas our study achieves a closely similar classification accuracy of
71.6% for a slightly larger sample size of eight individual elephants.

Overall, these models employ different approaches and algorithms to classify
elephant calls based on context-specific behaviors, call types, and individual
identification. The Random Forest model demonstrated strong performance in
classifying call types, context-specific behaviors, and individual identification.
These results highlight the strengths and weaknesses of each model in capturing
the underlying patterns in elephant calls for different classification tasks.

In the future, a detailed analysis needs to be conducted to determine which
features play a significant role in the analysis. The Asian elephant is a social
species which lives in matriarchal family groups [6,28]. They form social bonds
(relationships) with unrelated individuals in captivity and even provide reassur-
ance to distressed conspecifics [8,16]. Therefore, identifying the caller holds sig-
nificant value as it fosters support and enhances social interactions among indi-
viduals. Playback experiments are recommended in the future to determine how
well Asian elephants can identify and differentiate familiar conspecifics based on
their vocalizations.

5 Conclusion

In conclusion, this study developed a framework to classify call types and then
also demonstrated that the acoustic of elephant calls are context-specific, exhibit-
ing distinct characteristics in relation to different context-specific behavioral
states. Furthermore, the aim in the future is to develop an end-to-end architec-
ture that can not only classifies context-specific behavior in all elephant calls
but also recognize individual identity. This comprehensive understanding of ele-
phant communication, encompassing both context-specific behavioral states and
individual variations, contributes to a more nuanced comprehension of elephant
behavior and communication. These findings have potential implications for con-
servation efforts, captive elephant welfare, and advancing our understanding of
how elephants express themselves through vocalizations.
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