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SUMMARY
Automated vocalisation analysis is advancing to link chicken behaviour 
with welfare assessment. This systematic review investigates which 
vocalisations produced by broilers and laying hens can be detected 
through sound analysis and how they relate to animal welfare, using 
the Five Domains model and the PICo framework. The search strategy 
((broiler OR chicken) AND (sound OR vocalisation OR ‘voice recogni
tion’)) was applied across PubMed, Scopus, Web of Science, and SciELO, 
identifying 57 relevant peer-reviewed articles published between 2000 
and 2025. Seventeen distinct vocalisation types or noises were identi
fied. Most studies were conducted under experimental conditions and 
focused on the on-farm production phase. In the nutrition domain, 
pecking sounds showed high predictive accuracy for feed intake and 
growth, but indicators like hunger, thirst, or malnutrition remain under
explored. In the physical environment domain, vocalisations signalled 
thermal discomfort and poor air quality, though responses to stocking 
density, ammonia, and other factors need further study. The health 
domain was most researched, linking coughs and sneezes to diseases, 
though most models were developed in small, controlled settings. 
Behavioural interactions were least studied, mainly focusing on feather 
pecking in laying hens. The mental state domain links vocalisations to 
emotions, but challenges remain in interpreting their consistency and 
contextual meaning. Only 36% of studies met preferred recording 
standards, with most relying on basic statistical methods over 
advanced machine learning. Model performance often dropped in real- 
world settings, highlighting the need for standardised protocols and 
robust, generalisable training data. Much more work is needed to 
understand what vocalisations mean, how they vary by context, and 
how reliably they reflect welfare. No studies addressed transport or 
slaughter phases. Future research should prioritise standardisation, 
open data sharing, and broader coverage across all production phases 
to support practical and meaningful welfare monitoring applications.

KEYWORDS 
Poultry; chicken; precision 
livestock farming; sound 
analysis; well-being

CONTACT Patricia Soster patricia.sosterdecarvalho@gmail.com Department of Pathobiology, Pharmacology and 
Zoological Medicine, Faculty of Veterinary Medicine, Ghent University, Faculteit Diergeneeskunde, Universiteit Gent, 
Salisburylaan 133, Merelbeke-Melle 9820, Belgium

Supplemental data for this article can be accessed online at https://doi.org/10.1080/00439339.2025.2543042

WORLD'S POULTRY SCIENCE JOURNAL              
https://doi.org/10.1080/00439339.2025.2543042

© 2025 World’s Poultry Science Association. 

https://doi.org/10.1080/00439339.2025.2543042
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/00439339.2025.2543042&domain=pdf&date_stamp=2025-08-23


Introduction

The growing global demand for animal protein has driven the chicken industry to increase 
productivity. At the same time, a reduction in the number of farmers has made individual 
flock monitoring more difficult (Norton et al., 2019), while public concern over animal 
health, welfare, and environmental impact has intensified (Gorton et al., 2023). In response, 
Mellor and Reid (1994) proposed the Five Domains model, which integrates physical and 
mental states to offer a more holistic view of animal welfare.

However, assessing behaviours within these domains remains challenging in large-scale, 
commercial chicken systems with limited human interaction. In this context, sound analysis 
has emerged as a promising, non-invasive tool for monitoring welfare-related vocalisations, 
including distress calls, coughing, sneezing, or altered pecking patterns (Bright 2008; 
Manteuffel et al., 2004). Microphones are affordable, require no physical contact, and allow 
for continuous group monitoring (Lee et al., 2015). Yet, challenges persist, such as back
ground noise, overlapping calls, and difficulty distinguishing individual birds.

Typically, vocal analysis involves the extraction of spectral and temporal features (e.g. 
pitch, duration, amplitude) using spectrograms. Manual analysis, while informative, is 
labour-intensive, subjective, and lacks scalability (D. F. Pereira et al., 2015). To address 
these limitations, automated approaches using artificial intelligence, especially machine 
learning and deep learning, have gained popularity due to their high accuracy and ability to 
process large datasets (Aydin and Berckmans 2016; Cuan et al., 2020; Rizwan et al., 2016).

This systematic review aims to identify and summarise current evidence on the use of 
vocalisation analysis in broilers and laying hens as a welfare monitoring tool. Based on 
the Five Domains model, it explores which vocalisations can be detected through sound 
analysis, how they relate to animal welfare, and what methodologies have been employed 
for their classification and interpretation.

Material and methods

This systematic review followed the PICo framework to formulate the research question, 
focusing on the Population (broilers and laying hens), Interest (vocalisations and noises, 
such as sneezing and coughing), and Context (animal welfare). The guiding question was: 
‘Which vocalisations produced by broilers and laying hens can be detected through 
sound analysis, and how do they relate to their welfare?’ A comprehensive search was 
conducted using the terms: (chicken OR broiler OR hen) AND (sound OR vocalisation 
OR vocalisation OR ‘voice recognition’), across four databases: PubMed, Scopus, Web of 
Science, and SciELO. The initial search occurred on 1 June 2024, and was updated on 
31 March 2025. No language restrictions were applied, and the search included terms 
found in the title, abstract, and keywords. A snowball strategy was also used, involving 
manual searches through references and relevant journals to ensure broad coverage. 
Studies were included based on the following criteria:

(i) Only original, peer-reviewed journal articles reporting results from research 
projects were included; conference proceedings, reviews, editorials, and other 
non-peer-reviewed sources were excluded,

(ii) use of broilers or laying hens,
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(iii) analysis of vocalisations using sound analysis techniques (not only recording), 
and

(iv) relevance to at least one of the Five Domains of animal welfare. For example, 
studies evaluating feeding behaviour were classified under ‘Nutrition’; those 
analysing housing conditions were assigned to ‘Physical Environment’; health- 
focused studies involving disease fell under ‘Health’; research assessing natural 
behaviours, social interactions, or activity patterns were categorised under 
‘Behavioural Interactions’; and studies that inferred affective states through 
behavioural or physiological proxies were associated with ‘Mental State’. Where 
studies addressed multiple domains, the most prominent focus was used for 
classification.

Only studies published from 2000 onward were considered, as this period marks 
a significant increase in the accessibility of acoustic tools and machine learning technol
ogies for animal monitoring.

The search results were compiled in Excel, and duplicates were removed. Two 
reviewers independently assessed the eligibility of studies by screening titles, abstracts, 
and full texts. Disagreements were resolved by consensus or, if needed, by a third 
reviewer. Studies that lacked welfare context or did not analyse vocalisations acoustically 
were excluded. The methodological quality of included studies was assessed using 
a structured checklist.

Key data extracted from each study included: year of publication, country, animal type 
(broiler/layer), production stage (hatchery, farm, transport, or slaughter), study setting 
(experimental or commercial), number of birds used in the study, and the welfare 
domain addressed. For layers, the ‘farm’ stage was classified as either pullet rearing or 
laying phase, depending on the production stage addressed in the study. Technical data 
included microphone specifications, sound targets, analysis tools, extracted features, 
classification methods, and model accuracy.

No meta-analysis was conducted due to the heterogeneity of methods, outcomes, and 
measurement units. As such, risk of bias and effect size measures (e.g. risk ratios or 
confidence intervals) were not calculated. Instead, a narrative synthesis approach was 
used to compare study results based on shared themes and objectives. It is important to 
note that this review was not prospectively registered in any public database. Its exploratory 
design aimed to provide a broad overview of the current literature, highlight methodolo
gical trends, and identify research gaps rather than test a predefined hypothesis.

Results and discussion

The final selection comprised 57 studies published between 2000 and 2025 (Figure 1). 
Only nine were published between 2000–2010, while 46 were published from 2015 
onward, reflecting the growing interest in acoustic monitoring for chickens welfare. 
From 2010 to 2015, only 2 papers were published. A summary of the included studies 
is shown in Table 1.
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Animal aspects

Among the selected papers, 30 focused on broilers, 20 on laying hens, and 7 did not 
specify bird type. The imbalance is notable, especially considering that laying hens 
have longer lifespans and extended exposure to potential welfare stressors. 
Seventeen studies were conducted under commercial conditions, while 40 were 
performed in experimental settings. This reflects the need for controlled environ
ments during early-stage technology validation before broader commercial 
application.

Regarding production phases, eight studies focused on the hatchery, 49 on-farm 
phase, and none on transport or slaughter. This absence likely reflects the short duration 
and high logistical complexity of these final production stages.

While vocalisations are traditionally defined as syrinx-generated sounds, such as 
internal pipping, external pipping, crowing, squark calls, short peeps, distress calls, 
pleasure notes, alarm calls, food calls, warbles, and gakel-calls (Goller 2022); other 
sounds produced by chickens also hold significance. These include purrs, rale 
sounds, coughing, sneezing, and snoring, which are associated with health status, 
as well as pecking-related sounds linked to feeding behaviour. Although not 
classified as vocalisations, these sounds can nonetheless provide valuable informa
tion about the animal’s condition and welfare. A total of 17 distinct syrinx- 
generated or other sounds were identified across the studies (Table 2). These 
include:

● Incubation-related: internal and external pipping.
● Health-related: coughing, sneezing, rales, snoring, squawks, and purring.
● Feeding-related: pecking sounds, food calls, and crowing.
● Stress-related: distress and alarm calls.
● Positive valence: pleasure notes, warbles (somnolence), and short peeps (activity).
● Frustration-related: gakel-calls.

Recordings were taken at various ages, depending on the study focus. In chicks, 
recordings ranged from E17 to 2 days post-hatch (6 papers), with 1 additional 
study unspecified. For broilers, ages ranged from 1 to 65 days (26 papers; 4 
unspecified), and for layers, from 1 day to 44 weeks (17 papers; 2 unspecified). 
Hatchery studies analysed embryonic and peri hatch sounds, while broiler studies 
focused on the 1–42 day growth cycle. Studies on layers varied in timing, reflect
ing their longer productive lifespan. Interestingly, most vocalisations studied were 
associated with negative valence, indicating stress, pain, or illness. This aligns with 
the traditional welfare science focus on detecting adverse conditions. However, 
recent research has started to emphasise positive welfare indicators, such as 
pleasure, comfort, and social bonding. Interestingly, most vocalisations (11 of 
17) studied were associated with negative valence, indicating stress, pain, or 
illness. Understanding both negative and positive vocal cues is vital for 
a comprehensive welfare assessment, particularly when considering the mental 
state domain of the Five Domains model.
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Animal welfare

Nutrition
Seven studies addressed the relationship between vocalisations and the nutritional status 
of chickens (Table S1). Six focused on broilers, and one on laying hens. Five were 
conducted under experimental conditions, and two on commercial farms, all during 
the on-farm production phase.

Vocalisations related to feeding behaviour, particularly pecking sounds, have been 
widely studied due to their strong correlation with feed intake and growth. Aydin et al., 
(2014) developed a system capable of identifying pecking events with 93% accuracy by 
positioning microphones near feeders. In a follow-up study, Aydin et al., (2015) esti
mated feed intake with 86% accuracy and a near-perfect correlation with actual feed data 
(R2 = 0.994). Aydin and Berckmans (2016) expanded this to multi-bird settings, estimat
ing meal size and feeding rate with high precision.

Huang et al., (2021) used a time-sequence model and audio recordings to detect eating 
behaviours in broilers, reaching 93.5–96% accuracy. More recently, Amirivojdan et al., 
(2024) introduced ChickenSense, a low-cost system using piezoelectric sensors and 
a VGG-16-based CNN to classify pecking and estimate daily feed intake. Their model 
reached 92% accuracy and an F1-score of 91%, with a Pearson correlation of 0.85 and an 
R2 of 0.71 for hourly intake estimates.

Beyond direct intake estimation, vocalisation frequency has been linked to growth 
rates. Fontana et al., (2015, 2017) found a negative correlation between vocal frequency 
and body weight, with a predictive model achieving 96% accuracy when validated against 
automated weighing systems. Vocal frequency decreased from 3200 Hz to 1250 Hz over 
the first three weeks of life, corresponding with weight gain. Similar findings were 
reported by Ginovart-Panisello et al., (2020).

These studies demonstrate the potential of sound-based systems to monitor feeding 
behaviour and growth performance in chickens. However, important limitations remain. 
None of the reviewed studies addressed stereotypic pecking behaviour, such as pecking at 
empty feeders, which could confound data in broiler breeders. Additionally, most 
systems were developed and tested under controlled experimental settings, and their 
applicability in commercial environments with high variability and background noise 
remains limited.

Breed differences, stocking density, and environmental factors like light and tempera
ture were not consistently accounted for, representing important gaps for future 
research. Also, while feeding sounds were thoroughly explored, vocalisations related to 
hunger, thirst, or malnutrition, critical aspects of the nutrition domain, remain under
explored. The nutrition domain shows promising applications of acoustic analysis, 
particularly in feed intake estimation and growth monitoring. However, broader valida
tion, attention to welfare-specific indicators (such as hunger-related calls), and explora
tion in commercial settings are still needed to enhance real-world utility.

Physical environment
Fifteen studies addressed the physical environment domain, with four conducted on 
commercial farms and 11 under experimental conditions. Seven were conducted in 
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hatcheries, whereas eight were conducted during the on-farm production cycle. Six 
studies focused on laying hens, seven on broilers, and two did not specify the bird type.

In hatchery settings, vocalisations were used to monitor embryo development and 
thermal discomfort. Chicken embryos begin vocalising around day 19 of incubation, 
coinciding with the onset of lung respiration (Silva et al., 2010). Distinct vocal patterns 
were identified for internal pipping (IP), external pipping (EP), and hatch (HT) stages 
(Exadaktylos et al., 2011). EP-stage embryos emitted more frequent and higher- 
frequency vocalisations compared to IP.

Temperature deviations during these stages, particularly cold exposure, triggered 
distress calls, defined by high-intensity, repetitive patterns (Nichelmann and 
Tzschentke 1997). Bamelis et al., (2005) and Mortola (2019) confirmed that both heat 
and cold stress increased vocal activity. Such patterns may serve a communicative 
function, especially in the absence of maternal care. Real-time acoustic monitoring of 
these sounds has been shown as a way to optimise incubator conditions and improve 
chick quality.

On farms, vocal behaviour has been used to detect thermal and environmental stress. 
Curtin et al., (2014) applied acoustic radar processing to monitor broilers exposed to heat 
stress, approximately 9°C above standard temperatures for three hours daily over six 
days, and found that vocal frequency increased with rising ambient temperatures. Lee 
et al., (2015) developed a system that detected heat-, cold-, and fear-related stress in hens 
with over 96% accuracy by exposing birds to temperatures of 10°C, 21°C, and 34°C. To 
induce fear as a mental stressor, one group was exposed to sudden cage strikes with 
a stick while maintained at 21°C. Similarly, De Moura et al., (2008) found that chick vocal 
intensity decreased under optimal thermal conditions (32–35°C), whereas suboptimal 
temperatures led to increased vocal activity, assessed indirectly through noise level 
analysis. Recent work by Du et al., (2020) and Lev-Ron et al., (2024) used machine 
learning to detect stress-induced vocalisations. Du et al., (2020) defined thermal stress 
indicators based on the Temperature-Humidity Index (THI), recorded every five min
utes and classified into four levels: comfort (<70), alert (70–75), danger (76–81), and 
emergency (>81). Vocalisations were categorised into four types: gakel, alarm, squawk, 
and other. While Lev-Ron et al., (2024) exposed broiler chicks to four treatments: cold 
(8°C below standard), heat (8°C above standard), windy (increasing wind speed from 0.5 
to 2.5 m/s over five weeks), and a control group under standard thermal conditions. 
These models relied on squawk and alarm calls as reliable indicators of thermal 
discomfort.

Beyond temperature, other environmental factors like CO₂ and humidity affect vocal 
behaviour. Ginovart-Panisello et al., (2020, 2022) observed that lower CO₂ and humidity 
levels increased vocalisation frequency, particularly between days 15 and 40 of broiler 
development. However, few studies directly addressed stocking density. Kim et al., (2017) 
showed that hens in high-density environments emitted more squawk calls, particularly 
in the afternoon, indicating stress. Although promising, most models were tested under 
controlled laboratory settings. Field validation remains limited. Also, many studies did 
not explore environmental challenges common in commercial settings, such as ammonia 
levels, dust concentration, and variations in the Temperature-Humidity Index (THI).

Vocalisations have been shown to reflect physical discomfort and environmental 
stress. Their use in hatcheries to monitor embryonic development and in farms to detect 
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heat or air quality stress represents an important advance in precision welfare monitor
ing. However, the generalisability and specificity of these vocal indicators, particularly in 
complex real-world environments, require further investigation. Additionally, inherent 
biological variability, such as differences in early-life experiences or individual coping 
styles, can also influence vocal outcomes, further complicating cross-study comparisons.

Health
Eighteen studies focused on health-related vocalisations in chickens, all conducted 
during the on-farm production phase. Of these, five were carried out on commercial 
farms, and thirteen in experimental conditions. Eleven studies involved broilers, three 
layers, and four did not specify the bird type.

In traditional chicken production systems, diseases are typically identified visually, 
often at later stages, leading to significant economic losses. Animal vocalisations may 
serve as key health indicators, with distinct sounds, such as coughs (a low, prolonged 
croak) and purrs (a fluctuating snoring sound produced when broilers sleep) (Sun 
et al., 2021). However, for early disease detection, the meaningful classification and 
extraction of vocalisation features are necessary. Advances in acoustic analysis have 
explored how sound generation and resonance change due to respiratory diseases, 
highlighting the requirement for high-quality sound signals to ensure accurate 
detection.

Recent research has highlighted the effectiveness of acoustic analysis for monitoring 
broiler chicken health. Sun et al., (2023) proposed a method that combines sound 
detection with transfer learning to identify and classify health-related vocalisations in 
broilers, enabling early disease detection and intervention. Similarly, Lv et al., (2023) 
developed a novel approach using spectrogram analysis to extract unique features from 
chicken vocalisations. They introduced a fusion classification model that integrates 
multiple machine learning algorithms, outperforming individual classifiers in accurately 
distinguishing between different vocalisation types. Tao et al., (2023) enhanced the 
accuracy of such systems through a three-step feature optimisation process: cleaning to 
address noise and missing data, enhancement to improve feature quality, and selection to 
identify the most informative health indicators. This refined approach significantly 
boosted the performance of the sound-based monitoring tools.

To support the development of intelligent health monitoring systems, Adebayo et al., 
(2023) involved 100 day-old broiler breeder chicks divided into two groups. One group 
received prophylactic treatment against respiratory diseases, whereas the other did not. 
After 30 days, the untreated group exhibited signs of respiratory distress, which were 
captured through audio recordings. These recordings provided valuable data for training 
machine learning models to recognise health-related acoustic patterns. Expanding on 
this work, Sun et al., (2024) evaluated deviations indicative of health issues, offering 
a practical and non-invasive solution for chicken health management. Finally, Xu and 
Chang (2024) developed a deep learning system that monitors chicken health by analys
ing vocalisations and detecting abnormal faeces. Using convolutional neural networks 
applied to spectrograms, their system successfully differentiated between normal and 
abnormal vocalisations, further supporting the role of acoustic analysis in detecting 
health conditions in chickens.

WORLD’S POULTRY SCIENCE JOURNAL 19



Given the impact of viral respiratory infections on chicken health and production 
(Shiferaw et al., 2022), researchers have developed highly accurate algorithms to detect 
their presence. Audible signs such as sneezing and coughing may indicate the presence of 
respiratory diseases in broilers. To differentiate sneezing and coughing caused by 
respiratory disease from similar sounds produced by healthy birds in response to dust 
or other irritants, it is important to consider that at 9 days of age, the chickens were 
vaccinated with a conventional Newcastle vaccine, which, even at standard doses, is 
known to provoke transient respiratory disturbances (Mayers et al., 2017). Carpentier 
et al., (2019) developed an algorithm to detect sneezing sounds in broiler chickens within 
a commercial chicken house environment. The algorithm was evaluated in a setting with 
multiple active birds and various background noises, showing a high accuracy in identi
fying sneezing events, achieving 66.7% sensitivity and 88.4% precision.

According to Ginovart-Panisello et al., (2024b), hens experiencing vaccine-induced 
inflammatory responses exhibited distinct changes in vocal behaviour, including 
increased call frequency and altered acoustic parameters. When treated with anti- 
inflammatory products, these vocal changes were significantly reduced, indicating 
a return to more typical vocal patterns. These results suggest that acoustic monitoring 
is a sensitive and noninvasive tool for detecting vaccine-induced inflammatory responses 
and evaluating the efficacy of therapeutic interventions in chickens. Similarly, Liu et al., 
(2020) recorded continuous sound data from 20,000 broilers to develop an automated 
system capable of detecting abnormal vocalisations associated with health issues and 
environmental stressors. To improve the sound representation, they introduced 
Weighted Mel-Frequency Cepstral Coefficients (MFCCs). Using these features, 
a Hidden Markov Model was trained to classify normal and abnormal vocalisations 
within a broiler house. The system achieved 93.8% accuracy and 94.4% precision in 
detecting abnormal sounds such as coughing and sneezing.

Another common respiratory symptom, rales (gurgling or rattling breathing sounds) 
was effectively detected using Mel frequency cepstral coefficients and decision trees 
(Carroll et al., 2014). Likewise, by analysing vocalisations from both healthy and infected 
birds, Rizwan et al., (2016) extracted Mel-scaled spectral features and applied machine 
learning algorithms. The classifiers achieved high accuracy rates of 97.1% and 97.6% in 
distinguishing between healthy and diseased birds (rale sounds), respectively. Whitakes 
et al., (2014) used sparse spectrogram decomposition to classify vocalisations of healthy 
and bronchitis-infected broilers, enabling the detection of rale sounds. Their method 
achieved 97.8% accuracy in identifying infectious bronchitis based on one-minute audio 
samples. Mahdavian et al., (2021) analysed five acoustic features of broiler vocalisations 
to assess their effectiveness in detecting health issues. They found that specific parameters 
correlated with health status, achieving 83% accuracy on the third day and 80% on the 
fourth day post-inoculation in birds infected with bronchitis and Newcastle disease.

Banakar et al., (2016) explored audio-based detection of avian diseases by testing 14- 
day-old broilers infected with Newcastle Disease, Infectious Bronchitis Virus, and Avian 
Influenza. The researchers recorded vocalisations over two post-infection days and 
extracted 100 statistical features using the Fast Fourier Transform and Discrete 
Wavelet Transform. After selecting the most relevant features through an improved 
distance evaluation method, they trained a Support Vector Machine (SVM) classifier, 
which achieved 83.3% accuracy. By integrating the SVM classifier results with Dempster- 
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Shafer evidence theory, a mathematical framework for combining evidence under 
uncertainty, the overall diagnostic accuracy increased to 91.1%. Huang et al., (2019) 
developed an audio-based detection method to identify avian influenza in chickens at an 
early stage. By analysing the vocalisations of infected birds, the system aimed to detect 
subtle changes in the sound patterns associated with the disease. The researchers 
recorded the vocalisations of infected chickens until day six, when all subjects succumbed 
to the illness, and achieved an accuracy rate of 84–90% in detecting avian influenza. 
Advancing this approach, Cuan et al., (2020) developed a convolutional neural network 
capable of distinguishing between healthy and avian influenza-infected chickens based 
on their vocalisations. The model achieved a high classification accuracy of 97.43%.

Beyond viral diseases, bacterial infections, such as necrotic enteritis caused by 
Clostridium perfringens type A, result in epithelial damage, microbiota changes, and 
economic losses (Daneshmand et al., (2019). Sadeghi et al., (2015) developed a system 
for identifying and classifying chickens infected with Clostridium perfringens type 
A using vocalisation analysis. SVM were applied to vocal data collected over 30 days 
from 30 chickens (15 infected and 15 healthy), revealing distinct differences in vocal 
patterns. Whereas healthy broilers exhibited more intense and uniform vocalisations, 
infected birds showed higher energy vocalisations in the low-frequency range. The model 
achieved 66.6% accuracy on day 16 and reached 100% by day 22.

To enhance chickens health monitoring, researchers have explored night-time voca
lisations, when feeding and drinking activity is minimal, as a way to more easily detect 
abnormal sounds such as sneezes. Du et al., (2018) developed a surveillance system using 
microphone arrays and Kinect sensors to monitor 11 hens and 4 cocks from 11:00 p.m. to 
3:00 a.m. over several weeks. The system identified 53 distinct normal vocalisations and 
applied sound-source localisation to detect and locate abnormal sounds indicative of 
distress or health issues. It achieved 74.7% accuracy in laboratory settings and 73.6% in 
small-flock tests. Given the challenge of detecting disease-related vocalisations, evaluat
ing sounds at night is a promising approach for early disease detection.

According to Banakar et al., (2016), Huang et al., (2019), and Sadeghi et al., (2015), 
avian diseases can be diagnosed by analysing the frequency domain of broiler sounds 
and, reducing economic losses through early identification. Machine learning algorithms 
such as artificial neural networks (Cuan et al., 2020) and SVM (Banakar et al., 2016; 
Huang et al., 2019; Rizwan et al., 2016; Whitaker et al., 2014) have shown high accuracy 
in automatically detecting respiratory diseases.

The 18 studies reviewed under the health domain demonstrated the growing potential 
of acoustic analysis as a tool for early disease detection and health monitoring of 
chickens. Vocalisations, such as coughs, sneezes, and rales, have shown promise as 
indicators of respiratory infections, inflammatory responses, and other health-related 
conditions. Recent advances in machine learning and deep learning techniques have 
achieved high levels of accuracy in detecting and classifying abnormal vocalisations. 
However, several critical gaps remain. Many models are trained and validated under 
experimental settings. In most studies, limited information is provided on how vocal 
signals evolve across disease stages or in response to co-infections or even the specificity 
of vocal responses to particular pathogens. Moreover, few studies assess the longitudinal 
robustness of these models or validate them across flocks with different genetic lines, 
housing systems, or management practices. The lack of standardised recording protocols 
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and the variability in microphone setup, signal preprocessing, and labelling criteria also 
hinder reproducibility and real-world implementation.

Behavioural interactions
Among the 57 reviewed studies, only one directly addressed the domain of behavioural 
interactions, highlighting a significant research gap. The study, conducted by Bright 
(2008) on a commercial farm, focused on feather pecking in laying hens, a well-known 
welfare issue associated with pain, skin damage, and chronic stress.

In this study, hens identified as feather peckers emitted a higher call rate and more 
frequent squawks than non-peckers. These squawk vocalisations were characterised by 
abrupt onset, broad frequency ranges, and durations of approximately one second. 
Acoustic features such as intensity and frequency differed notably between the two 
groups, suggesting that vocalisations can serve as indicators of negative social interac
tions within a flock.

These findings support the potential use of sound analysis to monitor aggressive or 
harmful behaviours. However, the lack of studies addressing other behavioural patterns, 
such as social bonding (e.g. social play or mutual preening), hierarchy disputes, or mating 
calls; limits our understanding of how vocalisations reflect the complex social dynamics 
of chickens.

Given that social behaviour is a core component of animal welfare, particularly under 
the behavioural interactions domain of the Five Domains model, this is a critical area for 
future exploration. Sound analysis may provide a non-invasive means to detect and 
quantify subtle social behaviours at the group level, particularly in large-scale housing 
systems where visual monitoring is impractical.

Mental state
The mental state domain connects physical and behavioural experiences to emotional 
and cognitive responses. Sixteen studies specifically addressed this domain: nine on 
laying hens, six on broilers, and one unspecified. Eleven were conducted under experi
mental conditions, and five on commercial farms.

Several studies demonstrated that vocalisations reflect emotional states in chickens. 
Collins et al., (2024) reported that vocal pitch, duration, and modulation varied with 
emotional arousal in layer chicks. Maldarelli et al., (2024) identified rhythmic, structured 
patterns in chick vocalisations that reflected both emotional valence and social context. 
E. Pereira et al., (2023) and Marx et al., (2001) showed that isolation increased distress 
calls, while group housing produced lower-energy, comfort-related vocalisations. These 
effects were modulated by environmental and social conditions. E. Pereira et al., (2014) 
also found that changes in frequency, intensity, and call structure correlated with welfare 
indicators in broilers.

Emotional responses to human interaction were explored by Genc and Ozenturk 
(2024), who found that darker clothing worn by workers increased alarm vocalisations, 
while lighter tones elicited calmer responses. Neethirajan (2023) noted similar shifts in 
acoustic parameters during stress exposure in laying hens. Feeding context also influ
enced emotional expression. Ginovart-Panisello et al., (2024a) found that prolonged 
fasting altered vocal frequency and bandwidth in newly hatched broilers. Golfidis et al., 
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(2024) used interactive feeders to elicit frustration and anticipation, finding that specific 
vocal traits correlated with emotional arousal and valence.

One particularly well-studied call is the gakel-call, associated with frustration during 
thwarted behaviour, such as blocked access to food or nesting (Zimmerman et al., 2000b). 
These calls have a rising tone followed by short, low-frequency notes and occur across 
contexts. Zimmerman et al., (2003) showed that their frequency increased in the presence 
of an audience, suggesting a social function. Anticipatory vocalisations have also been 
explored. McGrath et al., (2017) found that hens anticipating dustbathing emitted lower- 
frequency calls than those expecting food, indicating motivational and emotional nuance 
in vocal output.

Automation has enabled broader monitoring. Jakovljević et al., (2019) and Herborn 
et al., (2020) applied machine learning to detect stress-related vocal features like spectral 
entropy and pitch. Mao et al., (2022) developed a deep learning model capable of 
identifying distress calls in large flocks, even under noisy farm conditions.

Vocalisations in chickens are closely linked to emotional states including fear, frustra
tion, anticipation, comfort, and satisfaction. These findings highlight the mental state 
domain as a valuable target for vocal-based welfare monitoring. However, most studies 
are based on small samples, under experimental conditions, and lack standardised 
definitions for vocal types and emotional states. Context sensitivity and inter- 
individual variation also limit interpretation. Moreover, while some studies suggest 
possible cognitive elements, such as expectation or social awareness, the current body 
of research predominantly focuses on emotional states, leaving cognitive dimensions of 
vocal expression largely unexplored.

Technical aspects

The technical quality of vocalisation-based chicken monitoring systems depends heavily 
on both hardware, especially microphones, and software used for data analysis 
(Manikandan and Neethirajan 2025). While audio recording equipment is widely acces
sible and affordable (Hill et al., 2018). While audio recording equipment is widely 
accessible and affordable, only 36% of studies that reported both sampling rate and bit 
depth met the recommended criteria of at least 40 kHz sampling frequency and 16-bit 
resolution. These parameters are essential for preserving the spectral content of bird 
vocalisations, as higher resolution ensures greater accuracy in capturing the subtle 
frequency modulations typical of chickens calls. Surprisingly, despite the availability of 
suitable equipment, a large portion of the literature still relies on suboptimal recording 
setups, potentially affecting data quality and limiting the effectiveness of subsequent 
analysis.

In terms of analytical approaches, studies applied three main categories of methods: 
classical statistical analysis, basic machine-learned classification, and advanced deep 
learning. Most studies (23 out of 57) fell into the first category, relying on manual or 
semi-automated feature extraction followed by statistical tests or traditional modelling. 
Only two studies employed commonly used classifiers such as SVM or decision trees, 
while six used more sophisticated architectures like convolutional or recurrent neural 
networks. The adoption of machine learning methods began around 2014, with deep 
learning approaches emerging more recently, especially after 2020. However, more than 
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25 studies did not report sufficient detail about their analytical methods, hindering 
reproducibility and comparative analysis.

A key technical challenge lies in the generalisability of these models. Most were trained 
on data from specific experiments involving limited environmental and genetic varia
bility. As a result, models that perform well in controlled conditions often fail when 
deployed in commercial environments where background noise, variable lighting, venti
lation systems, and flock dynamics can differ significantly. Overfitting is also a common 
concern, as many models are designed to detect only a narrow subset of vocalisations 
selected to match the target outcome of the study, rather than capturing the full diversity 
of the birds’ vocal repertoire. This selective approach limits the models’ ability to adapt to 
new contexts and detect emerging welfare issues.

The robustness of models is further challenged during real-world deployment, where 
different microphone types, placements, and room acoustics can distort the input signal. 
Changes in background noise, such as from HVAC systems or alarms, not present during 
training can reduce detection accuracy. Moreover, subtle shifts in vocal behaviour due to 
flock age, time of day, or external stimuli may confound classification algorithms. These 
inconsistencies highlight the importance of designing flexible, noise-tolerant systems that 
can adapt to varying production environments.

To address these issues, researchers have proposed strategies such as data augmenta
tion to simulate variability during training, the use of public datasets for benchmarking, 
and the adoption of standardised annotation protocols for vocalisations. One important 
step in this direction was made by Adebayo et al., (2023), who released a chickens 
vocalisation dataset to support open research. To advance this field, collaborative 
approaches that integrate ethology and machine learning within the same study are 
essential for both identifying and interpreting vocal signals in a biologically meaningful 
way. The development of robust and transferable sound-based monitoring systems in 
chickens requires improvements in hardware standardisation, consistent reporting of 
analytical methods, and broader testing across diverse environments. With the integra
tion of machine learning and standardised audio pipelines, these systems have the 
potential to support precision livestock farming at scale, provided the current technical 
barriers are systematically addressed.

Microphones

There were 37 studies that provided information regarding their recording setup. For 
instance, Aydin et al., (2014, 2015) and Aydin and Berckmans (2016) employed con
denser microphones placed close to feeders. These devices were selected for their high 
sensitivity and ability to detect short, impulsive pecking sounds with minimal distortion, 
which was crucial for accurately estimating feed intake. Likewise, Fontana et al., (2015,  
2017) used directional microphones positioned near birds to track variations in vocal 
frequency over time, which were later correlated with body weight.

Several studies have emphasised the strategic placement of microphones to improve 
recording quality. Huang et al., (2021), for example, placed microphones at calibrated 
heights and distances relative to broilers, optimising the signal-to-noise ratio for beha
vioural sound detection. Similarly, Collins et al., (2024) recorded chick vocalisations in 
a soundproof environment using directional microphones placed close to the animals, 
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allowing for the detection of subtle emotional variations in call features. The study 
identified changes in distress vocalisations by correlating acoustic parameters, such as 
call duration, pitch, and energy, with experimental conditions designed to induce 
negative affective states, specifically social isolation with or without the presence of 
a mirror. The mirror was included to assess its potential to buffer the emotional impact 
of isolation. Emotional states were inferred from systematic changes in vocal behaviour, 
interpreted in relation to the presumed affective responses elicited by each condition.

Amirivojdan et al., (2024) introduced a different approach using piezoelectric sensors 
in their ChickenSense system. Unlike traditional condenser microphones, these sensors 
detect mechanical vibrations directly from contact points (such as feeder surfaces), 
offering noise immunity and specificity for pecking activities in noisy environments. 
A different method was observed by Du et al., (2018), who combined microphone arrays 
with Kinect sensors to develop a sound-source localisation system. This setup went 
beyond sound detection, enabling spatial identification of vocalisations during night- 
time observations.

In contrast, Carpentier et al., (2019) and Liu et al., (2020) implemented recording 
systems optimised for noisy commercial settings. Carpentier’s tool for sneeze detection 
used sensitive microphones with digital filters to isolate sneezing sounds, while Liu’s 
system employed a microphone array combined with advanced preprocessing through 
Weighted Mel-Frequency Cepstral Coefficients and Hidden Markov Models to classify 
normal and abnormal vocalisations.

Although most studies relied on high-quality, directional microphones, the specific 
technologies varied depending on the purpose (i.e. for disease detection, feeding beha
viour, stress monitoring, or emotional evaluation). Microphone type, sensitivity, and 
placement play critical roles in data quality and interpretation. While the majority of 
researchers favoured directional condenser microphones placed close to animals to 
maximise vocal clarity, others (such as Amirivojdan et al., (2024) and Du et al., (2018)) 
opted for more innovative or multimodal systems, reflecting the evolution of acoustic 
monitoring in chickens research.

Model accuracy and evaluation metrics

Across the studies reviewed, the model accuracy and evaluation metrics of sound-based 
systems varied depending on the analysis objectives (disease detection, identification of 
discomfort, or feeding behaviour monitoring), the target vocalisation type, and the 
algorithms employed. Studies focusing on disease detection, such as those by Whitakes 
et al., (2014) and Cuan et al., (2020), achieved some of the highest accuracies, 97.8% and 
97.4% respectively, using advanced spectrogram decomposition and convolutional 
neural networks. Similarly, Rizwan et al., (2016) reached 97.6% with SVM and 97.1% 
with Extreme Learning Machine (ELM) classifiers for identifying rale sounds. Liu et al., 
(2020) further showed high robustness in commercial settings with 93.8% accuracy and 
94.4% precision using Weighted Mel-Frequency Cepstral Coefficients and Hidden 
Markov Model for abnormal vocalisation detection in large broiler populations. 
However, Carpentier et al., (2019) achieved slightly lower sensitivity (66.7%) but good 
precision (88.4%) when identifying sneezing events, suggesting that some conditions or 
symptoms may be harder to detect consistently, particularly in noisy environments. 
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Banakar et al., (2016) improved classification accuracy from 83.3% to 91.1% by integrat
ing SVM with Dempster-Shafer evidence theory, reinforcing the advantage of hybrid 
models for complex classification tasks.

Sound-based monitoring of feeding behaviour also showed good results. Aydin et al., 
(2014) and Aydin et al., (2015) demonstrated accuracies of 93% and 86%, respectively, by 
correlating pecking sounds with feed intake. These findings were reinforced by Fontana 
et al., (2015, 2017), whose predictive models reached 96% accuracy when modelling 
broiler weights based on vocalisation frequency. More recently, Amirivojdan et al., 
(2024) reported 92% accuracy and an F1-score of 91% to estimate broiler chickens’ 
feed intake using deep learning in their ChickenSense system. For stress-related vocalisa
tions, Du et al., (2018) provided insight into nocturnal abnormal vocalisations, achieving 
74.7% accuracy in laboratory settings and 73.6% in commercial trials. While lower than 
disease or feeding models, this is given the complex background noise and the unsuper
vised nature of night-time recordings. Sadeghi et al., (2015) presented moderate accura
cies (78–83%) depending on the disease and day post-infection, highlighting the time- 
sensitive nature of acoustic biomarkers in early disease detection.

Although several studies have reported good results on performance, there are notable 
variations in the methodology, evaluation conditions (experimental or commercial), and 
target vocalisation types. For instance, Jakovljević et al., (2019) and Mao et al., (2022) 
reported high detection performance in stress classification and distress call identifica
tion, respectively, yet did not specify accuracy values, limiting direct comparisons. 
Furthermore, a few studies, such as Ginovart-Panisello et al., (2024a) on fasting- 
induced vocal changes, demonstrated relevant findings but did not report classification 
metrics, indicating a gap between behavioural insight and model validation.

High-performing sound-based systems show promise for real-time monitoring of 
broiler health, feeding, and welfare, with accuracies often exceeding 90% in controlled 
studies, highlighting their potential to reduce manual labour and improve early inter
vention in chickens farming. However, to translate these promising results into practical 
applications, it is essential that future studies adopt standardised reporting of perfor
mance metrics and validate their models under commercial conditions to ensure scal
ability, reliability, and industry uptake.

Conclusion

This review highlights major advances in acoustic analysis as a tool for chickens welfare 
assessment across the five domains: nutrition, physical environment, health, behaviour, 
and mental state. The growing number of publications in recent years reflects the 
increasing interest in using vocalisation monitoring as an objective approach to evaluate 
bird welfare.

Under the nutrition domain, pecking-related sounds have shown high predictive 
accuracy for feed intake and growth. However, more welfare-relevant indicators, such 
as vocalisations linked to hunger, thirst, or malnutrition, remain largely unexplored. In 
the physical environment domain, vocalisations effectively signal thermal discomfort, 
poor air quality, and other housing-related stressors. Embryonic and hatchling vocalisa
tions offer promising insights for hatchery management. Still, broader applications, such 

26 P. SOSTER ET AL.



as responses to stocking density, ammonia levels, and nuanced metrics like THI 
(Temperature-Humidity Index), are underexplored.

The health domain has seen the most research, with vocal markers like coughs, 
sneezes, and rales associated with respiratory and inflammatory conditions. This con
centration is likely due to the presence of clearer, more distinguishable acoustic markers 
and the high economic impact of early disease detection in chickens production. 
Machine learning models have shown high accuracy but are mostly based on small- 
scale, controlled studies. Behavioural interactions remain the least explored domain, with 
studies limited to feather pecking in laying hens, highlighting a gap in understanding 
vocal correlates of broader behavioural patterns. Lastly, the mental state domain inte
grates insights from all other domains to assess affective experiences, especially emo
tional valence (positive vs. negative experience) and arousal (intensity of the emotional 
response) (Mendl et al., 2010). Vocalisations in chickens vary with emotional states such 
as frustration, fear, anticipation, and satisfaction. However, interpreting emotional 
meaning from vocal data remains challenging due to a lack of standardised call defini
tions and limited validation across contexts.

Vocalisation analysis offers a promising, automated, and animal-centred method to 
complement existing welfare indicators, with the potential to improve decision-making 
and reduce labour demands. However, key gaps remain. A reliable understanding of the 
meaning and significance of most vocalisations is still lacking. More research is needed to 
interpret these sounds across contexts and link them to welfare-relevant emotional or 
physiological states. In particular, establishing clear associations between vocal para
meters and emotional dimensions such as valence and arousal remains a major challenge, 
requiring integration of acoustic, behavioural, and physiological data.

Practical implementation on farms requires systems that are cost-effective, user- 
friendly, and robust. While basic microphones are affordable, effective monitoring 
demands high-sensitivity, weather-resistant equipment, which may increase costs. 
Systems must be plug-and-play, requiring minimal technical expertise for setup, calibra
tion, and data interpretation. Continuous recording also generates large datasets, neces
sitating cloud-based platforms with secure storage, automated analysis, and intuitive 
visual outputs. Vocal data should complement existing welfare indicators – such as gait 
or footpad scoring – to enable early interventions rather than serve as a stand-alone tool.

Technical challenges persist, including inconsistent audio quality, background noise, 
and variability in microphone placement. Additionally, many current models are trained 
on small, context-specific datasets and lack validation in commercial settings. Most 
studies to date have been conducted under experimental conditions, with limited atten
tion to real-world environments such as transport or slaughter phases.

Future research should prioritise standardisation, validation, and industry collabora
tion. This includes harmonising recording protocols, microphone placement, and back
ground noise filtering techniques. Public repositories of annotated chickens vocal 
datasets are needed to promote transparency and model reproducibility. Biological 
validation should combine acoustic data with physiological (e.g. corticosterone), beha
vioural, and neurobiological measures to assess affective states accurately. 
Generalisability must be tested across breeds, production systems, and life stages – 
including hatchery, on-farm, transport, and slaughter.
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Collaborating with chickens producers is essential to conducting real-time, on-farm 
trials that evaluate the impact of acoustic monitoring on early detection, intervention 
success, and economic outcomes. Finally, integration with welfare certification programs 
could support the inclusion of vocal indicators in formal welfare assessments, accelerat
ing adoption across the industry.

With advances in automation, large-scale validation studies are now feasible, opening 
the door to practical and scalable applications. To realise this potential, the field must 
move beyond controlled studies and invest in robust, interdisciplinary solutions that 
bridge ethology, engineering, and industry needs.
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