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SUMMARY KEYWORDS
Automated vocalisation analysis is advancing to link chicken behaviour Poultry; chicken; precision
with welfare assessment. This systematic review investigates which livestock farming; sound

vocalisations produced by broilers and laying hens can be detected analysis; well-being
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.
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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,



WORLD'S POULTRY SCIENCE JOURNAL e 3

(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.



4 P. SOSTER ET AL.

“YIOMBWel) SUIBWIOP SAI4 DY) JO SUO 0} payjul| A||edy1dads ‘aiej[am [ewiue 01 3UeAI[3I (Al) ‘sanbiuydal sisAjeue punos Buisn wayl pazA[eue os|e Inq SUOIILZI|eI0A PIPI0I3l
AJuo 10U 1By} JUSWSSISSE JO uoISN|dUL (111) ‘suolredwi| abe ou yum suay buike| 1o siaj10iq Buiajoaul saIpNIs (1) ‘sjeusnol pamalnai-193d uj paysiignd siaded [euibuo jo
uoisnpul (1), "siaded /g buisi|eiol ‘Yaieasas syl Aq punoy ag 1ou pjnod ey siaded noy buippe pue siaded aiedijdnp buirowal J31je S3IPNIS €6 JO UOIIID|DS Y3 S1UdsaIdal
aul| [euy 3y] "siaded jueadja.ll BuipnPxa JaYe SHNSaJ 3Y) SMOYS U] PUOIIS BY] "SHNSDJ YDIeds [eljiul 3y} SIuasald Mo Isiy dY] “(,uorubodal 33i0A, 10 UOIDZI[DIOA 10
punos) pup (Uay21y? 10 Jaj104q) SPIOMASY Y1 BulydJeas 1aye (dUIDS Jo gap pue ‘sndods ‘0731S ‘PaNGNd) Saseqelep Jnoj 3yl Wodj s1nsal syl buimoys welbelq | a1nbi4

)
3
- (16=u) || &
> IM3IABI Ul papn|oul salpn}g =
o
! —
)
(zg = u) @ouLI0S Jo GO
(29=U) | (% = u) sndoog &
:paAowal splodal pajesljdng (z = u) ojo1OS o
: (1)
(L1 = u) panand 3.
:A)N11q16119 10} poajodjas suoday =
H —S
(g8 = u) @ouULIdS Jo GO —
(zt9 = u) sndoog =
(¥ = u) Buiyosess uonen (g = u) oja10g (£€G = u) 80oULIDS JO GO 3
:wouy payipuapl sp1oaay (66% = U) paNgnd ] (989 = u) sndoog 3
LALCICN Y] selayuo (01 = u) ojerog Q
113 30U pip Aay) se ‘Bujusalos (916 = u) panand )
94049q paAOWal SPI02DY x W01} pallludp! sploday
N’/

Spoyjaw 13yjo BIA salpnjs Jo uoleayiyuap| s19)sibal pue saseqgejep BIA S3IpN}s JO UOIJedIHIuaP|



WORLD'S POULTRY SCIENCE JOURNAL . 5

(panunuod)

000L< |eidJswwo) YiesaH wiej-ug eulydy 0¢0c “Ip 2 i
000L< |enJawwo) Joineyag wiey-uQ 19)104g N 0202 “ID 32 UIOQISH
000L< |enJawwo) JUSWIUOIIAUD |edISAYd wie)-uQ 19)104g uleds 0202 “I 13 O[|9slued-1BAOUID)
001l |eyuswiadx3 JUSWUOIIAUD [BdISAYd wiey-uQ 19feq eulyd 0202 “Ip 39 nQ
WN Jewuswiadx3 yiesH wiey-uQ pauonuaw 10N eulyd 020T “Ip 33 uen)
w Jeruswiadx3 JUSWUOIIAUD [BIISAYd KiaydreH 19fe epeue) 610C 2[OLION
WN |eauswiadx3 JlolAeyag wiej-uQ 19)104g eIqJas 610C “I 13 JIA3(|A0YR[
a |eauswiadx3 yiesH wiey-uQ 19feq eulyd 610C “Ip 32 bueny
1S |eyuawpadxy yieaH wiey-uQ 131019 wnibjag 610C “Ip 2 19nuadie)
Sl [e3uawLadx3 YijesH wiiej-ug 1afe eulydy 810¢ “Ip 12 ng
4! |eauswiadx3 91e1S [RIUDN wie)-uQ 19fe eljensny /10T “Ip 33 Y1eindp
¥9 |enJaWwWo) JUSWUOIIAUD [BdISAYd wiey-uQ 19feq 2310y YINos /10T “Ip 35 Wy
0001L< |enJawwo) Buipaay wiey-uQ 19)101g spuepayIaN ‘NN /10T “ID 13 eURIUOS
4 [eyuawLRdxy YijesH wiiej-ug pauonusw 10N vsn 910¢ “Ip 12 uemzly
a |eauswiadx3 yijesH wiey-uQ 19)104g uel| 910¢ “Ip 13 lexeURg
0€ |eauswiadx3 Buipaay wiey-uQ J19)104g wnibjag 9107 uewn|Iag pue uipAy
ozl Jewuswiadx3 yijesH wiey-uQ 19)101g uel| 5107 “Ip 13 Inbapes
000L< |enJawwo) JUSWIUOIIAUD [BIISAYd wiey-uQ 19fe 2310y YIN0oS 510T “Ip 32 997
000L< |enJawwo) Buipaa4 wiey-uQ 19)104g 3N 510T “ID 13 eURIUOS
oL |eyuswiadx3 Buipaa4 wiey-uQ 19)104g wnibjag 510T “Ip 33 UIpAy
4] [e3uawiIadxg YijeaH wiiej-ug 1910.g vsn ¥10C "D 13 19%_UYM
0€ Jeluswiadx3 JUSWUOIIAUD [BIISAYd KiaydieH 19fe lizeig ‘epeue) ¥10T e|oMO|\ pue zanbsejap-010]
1434 |enJawwo) Jlolneyag wiej-uQ 19)104g |izeig 7102 “Ip 13 e11R13d
WN Jeauswiadx3 JUSWUOIIAUD [BIISAYd wiey-uQ vsn ¥10T “Ip 33 UIND)
9 [e3uawLIadXg YijeaH wiej-ug vsn ¥10C “Ip 13 ||o11e)
4} Jeauswiadx3 Buipaay wiey-uQ 19)104g wnibjag ¥102 D 12 uIpAy
000L< |eauswiadx3 JUSWIUOIIAUD [BdISAYd KiaydreH pauonuaw 10N wnibjag 110z “Ip 32 so|Apepex3
1S Jeyuswiadx3 JUSWUOIIAUD [BdISAYd KiaydreH 19feq pauonuaw JoN 110z wemy |y
000L< |eRWWOo) JUSWIUOIIAUS |edISAYd K13ydieH pauoiuaw JoN wnibjag 0Loz “ID 13 BA|IS
ozl Jeruswiadx3 JUSWUOIIAUD [BIISAYd wiey-uQ 19)104g |izeig 800C “Ip 32 BANOY
000L< |eRWWOo) Jolneyag wiey-uQ 19Ke N 8007 ybug
of |eauswiadx3 JUSWUOIIAUD [BdISAYd KiaydreH J19)104g uspams £00T Seljwiyy pue sein
oy |eyuawpadxy JUSWIUOIIAUS |edISAYd K1dydieH J13[101g wnibjag 5002 “Ip 13 Si]pweg
of Jeauswiadx3 91e1S [PIUBN wiey-uQ 19fe uspams €00T “Ip 32 UBWLIBWWIZ
0S |eauswiadx3 JloiAeyag wie)-uQ 19fe Kuewan 1002 “Ip 13 XIe|
9l |eauswiadx3 91e1S [PIUBN wiey-uQ 19fe SpuelayiaN 20002 q “Ip 19 uRWIRWWIZ
0z |ewuswiadx3 91e1S [PIUSN wiey-uQ 19feq spuelayIaN 9000z e “ID J9 URWIRWWIZ
spaiq N Bumes dJejjam jo urewoq 9}S uondNpoid 9dA} [ewiuy £13uno) uonedijgnd Jo Jeaj Apnis

"san13dadsIad [e2160j0UYIS} puB [BWIUE (SUOIIEZIEIOA J9AR| PUB J3]I0JG UO SIIPNIS PIMIIADL JO MIIAIDAQ 'L 3[qel



6 P. SOSTER ET AL.

(panunuo))

suou suou (5 50 *zH 9-7) asd Buuayy yi4 MIIAGET 8 L'vi L 990>
sauoydosniw
auou auou AN Hununod |enuepy WN WN WN |euondallp ¢ UMOIg UeWYOT]
1ud1u0d ABI3ud ‘Youd
auou suou  jo aul| jo adeys ‘uoneinp |jed WN buljjage| [enuepy 7LS  J4spiodal ade] uioyba1 amym
$3)0U IN0J ISIY

9y} Jo 1ybus| uesw ‘sajou jo Jlw 099 uwioyba suym
auou SUOU  JaguINU UBSW ‘UOIIRIND UBS|N Hununod |enuepy  asemyos [eubis WN WN  DWg abpupueg ‘SUBLIBA\ UMOIg

suloyba

AMYM
auou suou AN Hununod |enuepy WN WN WN WN VS| ‘umolg S|
W SOUIBI sainjea siskjeuy |00} SH] oN [sdsy] s} sauoydosniw ules}s d1}RUID

uonenjeay 3dA1 / oN
pue £>einxdy
[SPON

WN |ejuswiadx3 yyjeaH wley-uQ pauoiuaw JoN uemie] 202 Buey> pue ny
WN |eIJISWWO) yijesH wJiey-uQ 19)101g eulyd ¥70¢ “Ip 12 Ung
o€l [eauawnadxy 1els [eluay wiey-uQ 139|104 Aley 20t I|[2Jepleiy
08 |equswiadx3 JUSWIUOIIAUD [eIsAYd wJey-uQ 19)101g |9els| ¥70¢ “ID ]2 UOY-AS]
% |eI3WWO) 91e)s [eIUBN wley-uQ JEVE wniblag 202 “ID 13 SIpyjoD
WN |eIISWWO) yijesH wJey-uQ 19fe ureds ¥70¢ q“[p 12 O||3siued-1IeAOUID
000L< |eIaWWO) 91e)S [eIUBN K1aydyeH 13)101g ureds ¥20¢ e“ID J3 O||9siued-1ieAouln
000L< |equswadx3 Jloineyag wJey-uQ 19fe Axn| 20T 2IN}USZQ pue duID
8¢ |ejuswiadx3y Jloineyag wley-uQ JEVE vsn 202 “Ip 13 sulfjod
oL |eldJswwod Buipaay wJuej-ug 19|l04g vsn ¥20t “Ib 1o ueploALwy
09 |eIaWWO) yyeaH wley-uQ 13)101g eulyd €202 “Ip 32 o]
o€ |eISWWO) yijesH wJey-uQ 139)101g eulyd €202 “Ip 12 Ung
143 |ejuswiadx3 Jloineyag wiey-uQ JEVE epeue) €202 uefeliy1asN
o€ |equswRdx3 yijesH wJiey-uQ 19)101g eulyd €202 “Ip 13 A
00L |eyuawadxy yieaH wiej-uQ pauonuaw 10N elabIN €20C “Ip 12 0keqapy
o€ |equswRdx3 Joineyag wJey-uQ 139)101g |1zeig 444 “ID 13 elIRI3d
000L< |eIaWWO) Jloineyag wley-uQ pauoiuaw JoN eulyd ot “Ip 15 OB\
000L< |eIJSWWO) JUSWIUOIIAUD [eDISAYd wJey-uQ 19)101g ureds 444 “ID ]2 O||3sIued-1IeAOUID)
0SL [eauawiLadxy YiesH wley-uo vsn ‘uel| Leoc “Ip 12 ueinepyey
8l |equswadx3 Buipsa4 wJey-uQ JEV-A eulyd 1202 “Ip 12 Bueny
spaiq N Bumes SJej|aM Jo urewo( 91IS uopdNpoid 9dAy jewiuy £13unod uonedijgnd Jo Jeap Apnis

‘(Panunuod) 'L |qeL



WORLD'S POULTRY SCIENCE JOURNAL . 7

(panunauo))
obje uondLep
UOIeZ|[eI0A
pue (wa3sAs
Uo1eIIGNSIBAQ
|e13dads)
suou suou WN |eAOwWa) ISION WN 74 96 09315 7 WN
mopulm
apIm Jo weiboisiy
131SN[> Uo 334} UOISIIAP (Buiiaqey)
asn (sueaw-y) buaisn|d auou 2D4W AN Aidepny AN AN L qqo>
uonedyisse|d
paseq Aouanbaiyg
%¢E6 pue pjoysaiyl
suou :foeinody (ZHY 6-1) @Sd  (9Andepe) adojaaug gemiew 9l L' 1 80€ ssoy
suou suou bau) yead 144 ZHp-z 494 dsa 9L S0'Te 124299 | pauoiuaw JoN
auou auou baiy yead ‘(gp) spnujdwy Bununod |enuepy Kdepny L'y l pauonusw 10N
ploysaiyl
Jo asn! abesane
Buirow ‘zHy
auou auou WN £°¢€-G'7 J9)|ypueg geTie WN S0'7Z 12192 plepuels pauonuaw JoN
Audepny pied> punos dwod
duou auou wnidadg AN / 1p3 |00) AN AN dlw plolpied qqo>
Mg gp9L-
‘abuel bayy sjienpIaul
‘baiy ueaw ‘bauy yead an|g ueyyeQ
‘AUsuajul punos ‘uoneinp “oe|g uspgaH
auou SUou  ||ed ‘(oIpne pue [ensiA) [enuely swelbo.dads S09  ge|SYS-YOSIAY 91 S0'Ce WN ‘Qull-AH ‘uewyo
uoysodwod
auou auou ‘Ausuaiul ‘uoneinp ‘baiy WN uomipny agopy 8 GZO'LL  dlw Josuspuod) 80€ ssoy
AW EIEIN sainjea siskjeuy j00} SH] oN [sdsy] s} sauoydoniw uleJ1s d11RUIDH
uollen|eay 9dA1 / oN
pue £oeinxy
[9POW

(panunuod) 'L 3|qe]



8 P. SOSTER ET AL.

(panup3uo))

(Ima uondNpal
134Issep WAS SUOU  pue | {4) Sain1ea3y [BDNSNEIS §T ainjesy [ednsnels geniew WN WN 1 80€ ssoy
sisA|euy
%E8 aleulwndsIg Jaysty ¥ad
(4ake| uappiy 316uIs) NN —8/ :Adeanddy UHM G Pa13Ids ‘saInjesy €¢ WN qeTiew WN 44 WN 80€ $50Y
asd ‘bay
‘youd pue ‘(YNH) onel asiou
-03-21uowley ‘491l “Iswwiys
‘A}ISURIUL “‘WNWIBIIXD
anjosqe ‘ABiaus “1amod
WAS suou ‘(SWy) a1enbs ueaw 100y AN AN 9l L'y Japiodwed Auos umoiq aull-AH
sauoydosniw
%96 |euondailp
(W19 sonshels) suou :Koeiny bayy yead WN  3qopy ‘lenuepy 9l L'vi JusIRlIp ¢ 005 990>
uonedyisse|d
paseq Aouanbayy
%98 pue pjoysaiyy
duou :Koeiny (zH §-1) aSd  (eAndepe) adojanug qeniew 9l L'vi L 80€ Ssoy
Huiuies| A1euondip
se sweibodads
%S58'/6 Jo uonsodwodap
WAS foeInddy WN 9sieds pasiuadnsun WN WN 8y WN qqod
auou auou WN Hununod |enuepy WN L' WN uioyba1 amym
19p10d31
[ewbip e 01
pa|dnod asuodsal
Kouanbayy ybiy
uonIpuod yum suoydoniw 80€
auou auou 14 ‘04 ‘Mg ‘ABisu3 dJejj9M JO 153 qejie/ieeld WN WN  [euondaiipiun ssoy pue qqo)
W EIEIN sainjea siskjeuy |00} SHQg oN [sdsy] s} sauoydoniw uleJ1s d11RUID
uolen|eay adA1 / oN
pue A>eindy
[9POW

“(PanuRuod) 'L 3|qeL



WORLD'S POULTRY SCIENCE JOURNAL . 9

(panunuo))
pied 14 Auagdsey
10} Kewry
WAS ‘307 'vd auou 394 “DD4W “iseg WN AN 9l 9L DI p Jxjeadsay wioyba aUym
%188 auoydoniw
:uolsdald QH [eubip
'%L'99 e padueyus
WAS :KUAIISUSS D4 WN AN AN 8t 16-4781 L 80€ Ssoy
(dnoib
[e31) %9°€L
‘(qe)
%L YL (Burdnoub ain3eay oy
auou foeIinddy Y@l YHm) Sainjesy padueApy WN geTiew 9l L'yt l umolq aull-AH
(ssuoydoniw ¢
uones||exo| Yoe3) SMOpUIp 10}
auou auou WN 921n0s YOaL MIIAQRT 43 9l SeJawed 1dUly 7 umolg vs|
lojpuey pue (1] unbioys
(z9198y) uoissaibai pue 993 J35I9Yuuds
‘bay xew ‘baiy syead ‘sajqe|As uonedyIsseR) 14yd (WWTD) ‘19pJ0dai
152104 wopuey auou  Jo Ju ‘yIbua| 3|qe|As ‘uoneing pue bulaunod jenuely Y ‘0id usney L'y 1vYQ wedse| umoug aull-AH
%96
auou :foeinddy baiy  |9pow Jeaul| eaouy WN WN WN pauonusaw 10N
%L°L6
:foeInddy
W13
'%9'L6
:foeInddy $j|eIpunos
auou WAS ‘asd ‘baiy sead asd qeqie 9l S0'CC - OWOS-2W | pauoijusw 10N
(49Jeys
-193sdwiag
yum)
%SL°L6 sauoydoniw
<~ %EEEY pny |euondalip
auou :foeinddy bay yead Bununod |enueyy  agopy ‘[enuep 9l L'yt 1URIBYIP T 80€ SS0Y
W SOUIBW sainjead siskjeuy |00} STIAY] [sdsy] s} sauoydoniw ulesls d13xuan
uolnen|eaj 3dA1 / oN
pue £oeindxoy
[SPON

“(panunuod) °| 9|qel



10 P. SOSTER ET AL.

(panunuo))

12YIssepd
sakeg anleN uelssneo auou
13YIssepd
44 pue Jsayisse;d> NN
pue ‘wyiiob|y d11xuUID
:yo/ansind Bujydlew
Jleuoboyuo-dWO

SUOI1ZI|BD0A JO JaqINnU
‘p1043UR [e1dads “DD4N

AN

uoipenqgns
|es3dads panoidwi
pue diseq

S ‘uoyifd

suoydoniw
19suapuod

666WD3 xnj1adng

AN

spaalq
,MO||94-331y3,
pue panods,

:uonisodwodap asieds auou WN :uofdnpal asioN geTiew WN 3sauIY) Jo XIW
(WLST Auog
ua J3UAU0D dZ) NND auou 224N WN WN 13pI10334 3DI0A uloyha auym
(z19)
uoispaid  sa3es buissold 019Z dwi} MoYs
NNY 10 NNQ 39u-Ad /Koeinzdy pue (315) Ab1sua awn Loys AN WN 80€ ssoy
Auedwo) paywi]
Kbojouyda|
Huoyueno,
WWH auou DD4N wiojsuely 19|9Aem WN AN 100L-9-QH ¥ 80€ Ssoy
(13p10231
JW [D13S13RIS ‘UOIIID|DS Ss1aY10 313sN0de Uowigly)
J1919weled 153104 wopuel auou Auew pue Adonyua |esydads WN (Yauny) y 1OSURPUOD WWg 80€ Ssoy
auou auou uoneueA 44 ‘(4d) baiy yead ‘ba (144) piepuers geTiew 13p1033) Wo07 uajbulr
%EYV'L6 sainjeayjesydads M3IAQRT 19pI031 1d3uly
131ISSe WAS :foeinddy /|eiodwial padueApe g / qeiew JO [duueyd | WN
uonedYIsse|d 104
NND pue (poyisw
pasuenpe)
poylaw
ployssayi sjqnop 320y
NND auou JD4W pue 34N :uof3d>339p punos AN L yanowik|d aym
bayy yead ‘spnyjdwe (4myeruIwgns) pauonusw
auou auou yead ‘apnyjdwe abesany Bupunod |enuepy Kydepny Y0661V U0 10N AN
W SOUIBN saIn1ea4 sisAjeuy |00} sauoydosniw ulels J13dUID
uolen|eay 3dA1 / oN
pue A>eindy
[SPON

‘(panunuod) 'L |qeL



(panunuo))

(9dods
0 1N0) s|ie1ap
/Apnis adAy punos
ou ‘Aysuaiul
WN auou AN AN AN AN AN punos Ajug AN
(2dods jo 1no)
9DIASP I19P33Y 3y}

%€6 WOl SUOIRIGIA
AN :Koeindoy AN WN AN AN WN sainsesy WN
( 'suu
‘Adosyud ‘leasayul ‘uoneinp VOd yum
auou ‘baiy xewy/uiw ‘baiy yead) g sapjow paxiw Jeaur] 8  199QWd Zauelepy WN

(¢
‘|leansness ‘Adosyud |eydads
14 auou ‘ploauad |eadads ‘ABIaua) 09 WN WN WN WN WN 1oy Jogly
‘0D ABojouyda|
d14123[3 pue punos

-
<
=z
o
2
o
=
w
&
=z
w
O
(%]
>
o
-
-
]
o
a
4
a
-
oc
o
=

(- Bbuembuays buil
159104 wopuey ‘931 33Q ‘leonsnieys ‘Adosyud |eiydads -199) L0ZVdW
‘sakeg anleN ‘WAS ‘NN auou ‘p1o13udd |eJ1dads ‘ABIsud) 09 WN WN 9l 43 |]ouueyd-g WN
AN auou AN WN AN 24 96 WN MIN 43dns
(01doD)
suoydoniw
NND auou JD4W WN qemie AN wesse| $SOY ‘qq0D
(0D s21u04123|3
ali{yesd
(40]0> noyzbuenop
WAS ‘NN ‘44 auou ‘sabpa ‘aunixal) sainieay sbew| weiboidads P geTiew 4! 00l ) Z€-QH WN
(s13Y10 pue) NND suou WN  weibosdads [pIN-60o7 AN 9l S0'CC  0id uyH wooz WN
e0ZE-H
159104 wopuey eboj auoydoniw
‘9911 uoIsIPAQ ‘NN auou ploJyuad |esydads ‘Abisug 144 geTiew WN LS |euoldaJIpIUN WN
W [SIEIN sainjead siskjeuy |00} ST Y] [sdsy] s} sauoydoniw ulesls d13xuan
uolen|eay 3dA1 / oN
pue A>eindy
[SPON

‘(panunuod) 'L |qeL



12 P. SOSTER ET AL.

‘Bujuiea) aulyde N
‘pauouaw JoN AN

W1S1 suou pRE(] N AN N AN AN AN
a8
NND-alL %96 ‘leonsiiels ‘Adoua |eidads
INAS ‘sokeg anleN ‘4Y foeinddy  ‘pronudd [espads ‘ABisus) 09 WN WN WN WN WN Ssoy
%98
N :K>einy ‘bayy xew/uiy weiboiadg N 9l L'y S000LD DNV N
%S8°'L6
NNV Jawiojsuel| foeinddy WN weiboaydads [BN WN WN L'y SH WOOZ WN
(9dods

40 1N0) JUBWAAXd

WN auou AN AN AN AN WN 19pa34 WN
(1930w
[9A3] puUnos |

D)4 ‘suoiesijed0A sse|d) auoydoiiw
WN auou JO U ‘PIoJIU ‘Mg ‘YU uole|a1I0) WN ¥ 8y  Jasuapuod ,z/L umoig aurf-A4

666WD3 xnpadng

auoydoniw
WN auou JD4W ‘baig WN WN (passaidwod) g s0'Ce 13sU3pUOd WN
W SOUBW sainjea siskjeuy |00} SH] oN [sdsy] s} sauoydosniw ules}s d1}aUID
uofen|en 3dA1 / oN
pue £>einxdy
[SPON

‘(Penunuo)) | 3|qeL



WORLD'S POULTRY SCIENCE JOURNAL 13

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 2days post-hatch (6 papers), with 1 additional
study unspecified. For broilers, ages ranged from 1 to 65days (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
(R*=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
R® 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 2.5m/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 COz 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.
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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. Jakovljevi¢ 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 Fl-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, Jakovljevi¢ 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
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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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