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Synopsis In the era o f b ig data, e colog ica l r esear ch is experiencing a tra nsf or mative shif t, yet big-dat a advan cem ents in ther- 
ma l e cology an d th e s tudy of animal res ponses t o c limat e co ndi tio ns remain limi t ed . This re vie w dis cuss es how big data ana- 
lytics and art ificia l intel ligence (AI) can sig nificantly en hance our understanding of microc limat es a nd a nim al beh aviors under 
chan gin g climatic co ndi tio ns. We explo re AI’s potent ia l to refine microc limat e m ode ls an d analyze data from advanced s ens ors 
a nd ca mera t ec hnologies, whic h capture detailed , high-resol u tio n info rmatio n. This in tegra tion can allow r esear c her s t o dissect 
comp lex eco logical and p hysio logical processes with unpre ce dente d pre cision. We descri be h ow AI ca n enha nce microc limat e 
m ode ling thr ough impr oved b ias co rrectio n and dow nsc aling t ec hniques, p roviding mo re accura te estima tes of the conditions 
th at anim al s face under variou s clim ate scen arios. Addi tio nall y, we exp lo re AI’s capab ili ties in tracking animal responses to 

th ese con dit ions, p art icu lar ly through inn ovative cl assific ation m ode l s th at ut i lize s ens or s suc h as acce lerom et er s and acoustic 
loggers. F or exam ple, t he widespre ad us age of camera traps can benefit from AI-driven im age cla ssification m ode ls t o accurat ely 
identify t her mo regulato ry respo nses, such as shade usage and p ant ing. AI is ther efor e inst rumenta l in mo ni to ring how anim al s 
interact wit h t h eir environm ents, offer ing vit al insigh ts in to their ada ptive beh aviors. Fin a l ly, we di scu ss h ow th ese advan ced 

dat a-dr iven approaches can inform and enhance co nservatio n strategies. In pa rticula r, deta iled mapp ing o f microhab i tats es- 
sent ia l for species survival under adverse co ndi tio ns can guide the design of c limat e-resilien t conserva tion and restoration 

p rograms that p rio ri tize hab i ta t fea tures crucial for biodiver sity resilience . In conc lusion, the conv er g ence of AI, big data, and 

e colog ica l scien ce h eralds a n ew era of pre cision conservat ion, essent ia l for addressing the glob a l environmenta l cha l len g es of 
the 21st century. 
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ackground 

ver the last few decades, c limat e c han g e has emer g ed
s one of the most significant t hre ats to e colog ica l sys-
 ems ( S hu kla et a l. 2019 ). As anima ls depend on spe-
ific climatic co ndi tio ns, c limat e c han g e introduces new
ha l len g es that may force species to adapt or face ex-
 inct io n ( Tho m a s et al. 2004 ). Numerous studies have
 lready demonst rate d th at clim ate ch an g e h a s cau sed
hifts in animal behaviors, p heno logy, and distribu-
ion ( Visser and Both 2005 ). To understand these re-
po nses and p redict fu ture impacts o n other species,
t is essent ia l to deepen our un derstan ding of how cli-

atic co ndi tio ns a ffect a nim al s ( A ngilletta 2009 ). Re-
earc her s have developed various study designs, in-
 dvance A ccess publicat ion Ju ly 30, 2024 
C Th e Auth or(s) 2024. Pu blis h ed by Oxford University Press on behalf of the
o r permissio ns, plea se e-m ai l: j ourna ls.permissio ns@ou p.co m 
luding na tural observa tions ( McCain and King 2014 ),
ont rol le d and semi-cont rol le d experiments ( Te lem eco
t al. 2017 ; Ma ma ntov a n d Sh e ldon 2021 ), an d
ot h st at ist ica l ( Thom a s et al. 2017 ) an d m ech ani stic
 ode ls ( Porter et a l. 1973 ), aime d at understanding how

nim al s per for m under natural or o p t ima l condit ions
n d h ow c limat e c han g e might alter t his per for mance.

it h r ising concer ns f or ma ny spe cies, e colog ists and
eci sion-m akers recognize the ne e d to improve the de-

e ct io n o f species at risk and develop b etter metho ds to
n derstan d th e e colog ica l and physiolog ica l fact or s that
ay put them at risk. 
The era of big da ta presen ts promising ways for ad-

an cing n ove l approach es to data col le ct ion a nd a naly-
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Fig. 1 Diagram illustrating the integration of various data sources 
and methods to model the biological impacts of climate change on 
animals. The model starts with three primary data inputs: 
mesoscale climate data, landscape features, and microclimate 
observations. These inputs are used to generate microclimate 
predictions. Sensor time-series data and camera trap images 
pro vide ad ditional behavioral data, ca pturing activity patterns, 
microhabitat choices, thermal pr efer ences and tolerances, and 
other behavioral responses of animals. This information may be fed 
into the modeling process to predict how climate change impacts 
animal behavior and ecology, aiding in the development of effective 
conservation strategies. 
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sis, which c an y ie ld fres h in sights for addressin g these
cha l len g es ( Hil bert 2016 ; Far ley et a l. 2018 ; McC le ery
et al. 2023 ). Ecology and co nservatio n b iology are cur-
rently under g oin g a p ro f ound tra nsf o rmatio n, ma rk ed
by an astro no mical increase in the volume and va-
riety of data being generated across many ecological
systems ( Lewis et al. 2018 ; Nathan et al. 2022 ). From
high-resol u tio n satelli te imagery ( Feidas et al. 2004 ;
Al sh ahrani et al. 2021 ) to au to mate d wi ld lif e ca meras
captur ing t hous ands of photos ( Beery et al. 2019 ; We ar n
and Glover-K ap fer 2019 ; Palencia et al. 2022 ), and from
s ens o r netwo rks reco rding microclimatic co ndi tio ns
( Zellw eg er et al. 2019 ; Mühlbauer et al. 2023 ) to social
medi a pl a tforms ga th ering citizen scien ce observations
( Nugent 2018 ), this deluge of dig ita l informat ion pro-
vides an unpre ce dente d window into the natural world,
offering numero us o p portunities to develo p better bio-
log ica l insights at unpre ce dente d sca les and resol u tio ns.

Th e s hift fro m tradi tio n al hum an-labo r observatio ns
to big-data r esear ch car r ies significan t im plica tions. Re-
searc her s now have the t ools t o mo ni to r ecosystem
chan g es in rea l-t ime ( W hi te et al. 2002 ; Comiso et al.
2003 ; Abra hms et a l. 2021 ; El lis-Soto et a l. 2023 ), t rack
species m ovem ents across vast a reas ( Ma rcin e k et al.
2001 ; Fran klin et a l. 2009 ; Wang et a l. 2019 ), and an-
a lyze environmenta l p att erns of c limat e c han g e ( Zhao
et al. 2023 ). How ev er, the lar g e v olum e an d complex-
i ty o f t hese dat a als o pos e sig nificant cha l len g es. Tra-
di tio nal m eth od s of data an alysi s, often m a nual a nd
time-con sumin g, are ill-equipped to handle the scale
and intricacy of big data ( Gupta et al. 2018 ). The risk
i s th at valua ble in sights remain bur ied wit hin t his digi-
ta l ava lan ch e, inaccessi ble to scientists and policymak-
ers who ne e d them most ( Va ria n 2014 ; Thessen 2016 ;
Liew et al. 2022 ). 

This bo ttleneck, co u pled wi t h t he ur g ent ne e d to de-
velop st rateg ies fo r mi t igat ing c limat e c han g e impacts,
hig hlig hts the crit ica l role of art ificia l intel ligence (AI)
through machine learning (ML) m ode ls (see Box 1
f or glossa ry). Machine lea rnin g alg o ri thms can ana-
lyze vast quant it ies of natura l ly observe d data, ma k-
ing new pre dict ions that provide key insights ( Thessen
2016 ; Liew et a l. 2022 ; Jebei le et a l. 2023 ; C haturve di
et al. 2024 ). For insta nce, AI ca n a lready dete ct p at-
t erns in c lima tic even ts an d extrem es ( Hauswirth et al.
2023 ) and identify key variables for m ode ling com-
p lex eco logical systems, thus acceleratin g discov ery
( Ryo et al. 2021 ). AI may al so en able t her mal ecolo-
gists to estimate microclimates, fine-scale climate vari-
a tions a t spa tial resol u tio ns o f met er s or less ( Pott er
et al. 2013 ; Pincebourde and Wo o ds 2020 ), and of-
fer insights fo r b iophysical niche models, which simu-
late the p hysical, p hysio logical, and eco logical processes
a ffe ct ing an organism’s response to different environ-
ments ( Briscoe et al. 2023 ). Ther efor e, inco rpo rating
AI t ec hniques is not merely a t ec hnolog ica l upg rade;
it can s ubs tant ia l ly increase our ab ili ty t o navigat e the
co mplexi ties o f the natural world in the era o f b ig
data. 

Her e, we r e vie w the rapidly de v elopin g field of AI
and its potent ia l in en hancing our understanding of the
e colog ica l imp acts of c limat e c han g e. We focus on ap-
plic ations w it hin t her ma l e cology (i .e ., the complex re-
latio nshi p between o rga nisms a nd tem pera ture; Cla rk e
2017 ) and hig hlig ht how ML models can improve mi-
croc limat e m ode ling an d data col le ct ion m eth ods. Such
im provemen ts can enhance the accuracy of biophysical
nich e m ode ls an d may p rovide p re dict iv e in sigh ts in to
the responses of anim al s to climate chan g e ( Fig. 1 ). 

From traditional data collection to a big-data 

field 

The evol u tio n o f data col le ct ion in e colog ica l r esear ch,
p art icu lar ly in th erma l e cology, has prog resse d from
man ual observa tions to sophisticated au to mated sys-
tem s. This tran sfo rmatio n, which began in the sec-
ond half of the 20th century, h a s accelerated with re-
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Box 1. Ge ne ral glossa ry of te rms me nt ioned in the paper 

Art ificial intellige nce: There is no co mmo n ly accepte d definit ion of AI. How ev er, it i s u sua l ly r eferr ed t o syst ems 
an d machin es capable o f perfo rming ta sks th at t ypic a l ly re quire human inte lligen ce. This in cludes tas ks like un der- 
standing natural l angu age, re cog nizing p atterns in data (such as images or spe e ch), ma king de cisions b ase d on com- 
plex info rmatio n, and even le ar ning from exper ience to improve per for mance over time. AI ran g es from spe cia lize d 

a pplica t ions, li ke facia l re cog nit ion or l angu age transl atio n, to b roader goals o f achieving huma n-lik e inte lligen ce 
across various domains ( Duan et al. 2019 ). 
M achine learnin g: A set of s tatis tical tool s th at en able co mpu t er s t o le ar n from a nd mak e p redictio ns o r decisio ns 
b ase d on data. Un li ke t radit iona l stat ist ica l m eth ods that often r equir e pr e define d as s umption s a bout d ata rel a- 
tio nshi ps, ML algo ri thms can au to mat ica l ly le ar n from patter n s and iterativ ely improv e t heir per for m ance. Thi s 
cap abi lity a l lows ML to exce l in tas ks such a s im a ge and s pe e ch re cog nit ion ( Hast ie et a l. 2001 ). 
Exp lainab l e artificia l intelligence: E xp lainab le art ificia l intel ligence (XAI) refers to the development of AI systems 
that c an prov ide un derstan dab le exp la nations f or their decisions an d be h aviors. It focu ses on m aking AI o utp uts 
t ransp aren t and in t erpretable t o huma ns, a iming to build trust and facilitate acceptance in crit ica l domains. XAI 
t ec hniques inc lude m eth ods for rev ealin g how inpu ts are p rocesse d, ident ifying importa nt f e atures t hat influence 
m ode l pre dict ions, and high light ing ar eas wher e addi tio nal data o r observatio ns are ne e de d to en han ce m ode l ro- 
bus tnes s and reliab ili ty ( Mi l ler 2019 ). 
Model feat ures: I n machine le ar ning, fe atur es r efer to the measurable attributes or variables sele cte d for their rele- 
vance in describing and pre dict ing outcomes or ph en om ena of interest. Un li k e expla natory va r iables t hat are tradi- 
t iona l ly use d in stat ist ica l m ode ls (e.g., r egr ession) to explain variations in a dependent va riable, f ea tures encom pass 
a bro ader spe ct rum o f inpu t variables. Th ey in clude n ot onl y exp la natory va riables but a lso addit iona l att ributes 
such as eng ine ere d features, or derive d met rics desig ne d to ca pture com plex rela tio nshi ps and patterns in the data 
( H astie et al. 2001 ). 
Su pe rvised lea rning: A type of machine le ar ning where t h e m ode l is train ed on l abeled d ata. The go a l is to le ar n 

a mapping from input to o utp ut, which can then be used to p redict ou tpu ts fo r new inpu ts. Exa m ple s: Regre s s io n 

mo d els f o r p red icti n g conti nuous ou tpu ts, and c lassi ficati on mo d els f o r sp eci es recogniti on i n i mages. 
Unsu pe rvised lea rning: A type of machine le ar ning t hat de als wit h un labele d data. Th e m ode l tr ies to le ar n t he 
un der lying structure from the input data wi thou t any explici t ou tpu t variable. Exa m p les: p rinci pal co mpo nent analys is 
(PCA) f o r d i mens io nal ity red u cti o n of enviro nment al dat a. 
Feature-b as ed mode ls: Th ese m ode l s u se pre define d features ca lcu late d from raw data to learn patterns or make 
pre dict ions. The qua lity and choice of features significantly impact th e m ode l’s per for mance. Exa m ple s: Specie s D i s- 
tri bu ti on mo d el s u si n g daily maxi mu m and mi ni mu m temperatu res as input v ari abl es. 
Raw data-b as ed models: Mo del s th at u se raw d ata w i thou t p rio r feature ext ract ion. Te chniques li ke de ep le ar ning, 
which can au to mat ica l ly discover the r epr esen ta t ions ne e de d for dete ct io n o r cl assific ation, are t ypic al examples. Ex- 
a m p les: Co nvo lutio na l Neura l Networks (CNNs, see below) f o r s pecies ident ificat io n fro m c am er a tr ap p hot o s; Re current 
N eural N etw orks (RNNs, see b el ow) f o r analyzi n g t empo ral patt erns in eco l ogi cal time series data. 
Mu tual informat ion (MI): Mu tual info rmatio n measures the strength of the relatio nshi p between two variables. In 

ML, MI can be used to as ses s the relatio nshi p between input features and the tar g et varia ble, hig hlig hting w hich 

f eatures ca rry the most info rmatio n an d, thus, are m ost re leva nt f or th e m ode l. This h e lps in feature se le ct ion, en- 
sur ing t hat t h e m ode l is train ed on th e m ost inf ormative va r iables, t her eby impr oving per for ma nce a nd reducing 
co mplexi ty ( Guyo n and Elisseeff 2003 ). 
Pe rmu tat ion featur e im portance: A t ec hnique that measures the chan g e in model per for man ce wh en th e val ues o f a 
f eature a re ra n domly s h uffled. By perm uting t he fe ature val ues, i ts relatio nshi p wi t h t he t ar g et varia b le is bro k en, a nd 

any decrease in m ode l per for man ce in dicates th e importan ce of that feature. This technique can be applied to any 
ML m ode l, an d provides a st raight forward way to un derstan d th e impact of each feature on the model’s pre dict ions 
( Guyon and Elisseeff 2003 ). 
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ent t ec hno logical ad van cem ents ( Ro pert-Co udert and
 ilson 2005 ; W ilmer s et al . 2015 ). Initially, r esear c her s

 elied on dir ect, man ual observa tions to study the
 o dy temp erature an d th erm oregu lat ion of wi ld ani-
 al s (e.g., Huey and Stev en son 1979 ). These studies
ere limited by human c apacit y an d th e difficu lt ies of
ccessin g div erse an d rem ote environm ents ( Ropert-
oudert and Wilson 2005 ; Wilmers et al. 2015 ). The

dvent of te lem etry in the 1960s and 1970s ma rk ed a
ignifican t lea p toward a u to matio n, ena blin g the track-
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ing of animal m ovem ents, be havioral th erm oregu lat ion,
and b o dy temp eratur es (e.g., Kr ol l et a l. 1973 ; Kerr et a l.
2004 ; Levy et al. 2011 ). 

Moving into the 1980s and beyond, the int roduct ion
of remote sen sin g, g e og ra phic informa tion systems, and
the p roliferatio n o f t he inter n et an d citizen scien ce ex-
p ande d the scale and scope of data col le ct ion and our
un derstan ding of anim al s’ interactions wit h t heir en-
vironments ( Ke ar ney et al. 2018 ; St ark et al. 2022 ).
Th ese advan ces hav e been in strumental in studying cli-
mat e c han g e an d th erma l e cology, ca pturing n uanced
respo nses o f individ uals and po p ulations to chan gin g
c limat es ( Zhao et al. 2023 ), and improving m ode ls of
c limat e c han g e impacts on biodiversity and ecosystem
funct ions ( Runt ing et al. 2020 ). 

Alongside th ese n ove l t ec hniques of data col le ct ion,
con current deve lopm ents in computer science have
p ro found ly t ransforme d e colog ica l r esear ch ( Soranno
an d Schim e l 2014 ; D urden et a l. 2017 ). En hance d com-
putin g pow er and sophist icate d a lgo ri thm s now ena ble
scientis ts to proces s a nd a n alyze m a ssiv e v ol umes o f
data from s ens ors an d rem ote sen sin g t ec hnologies, en-
a blin g them to model complex e colog ica l and physio-
log ica l p rocesses wi th unp re ce dente d detai l and accu-
racy ( Levy et al. 2014 ). For example, increased co mpu t-
in g pow er h a s revol u tio nized b iophysical niche model-
in g, ena blin g the accurate ca lcu lat io n o f variables such
as the operative body tem pera ture of ectot her ms and
the water and energy costs of t her moregu lat ion in en-
dot her m s ( B ris coe et al. 2023 ). Thes e advan cem ents
have exp ande d the sca le of e colog ica l simu lat io ns fro m
loca lize d, s h ort-term studies ( Porter et al. 1973 ) to
co mp re h en siv e m ode l s th at span exten siv e region s and
decades ( Ke ar ney et al. 2009 ), offer in g key in sigh ts in to
t he widespre ad and long-ter m effects of c limat e c han g e
o n b iodiversi ty. 

From big data to predictions 

Advances in s tatis tical m eth odologies with pre dict ive
cap abi lit ies h ave m a rk ed a n oth er significan t lea p in our
un derstan ding of e colog ica l data ( Gim en e z et a l. 2014 ;
Ovas kain en et al . 2017 ; Wart on et al . 2015 ). Init ia l ly,
t radit iona l stat ist ica l tests such as ANOVA and non-
pa ra metric ra nkin g tests w ere po p ular b u t limi ted as
they could not p rod uce p re dict io ns ( McEld uff et al.
2010 ; Zuur et al. 2010 ). The development of linear mod-
e ls, which descri be h ow a con tin uous response vari-
a ble chan g es wi th o ne o r mo re p redicto r variables, ad-
dressed t his limit ation and enab led predicti ve m ode ling
( McElduff et al. 2010 ; Zuur et al. 2010 ). Subsequently,
B ayesian mo deling a l lowe d for the in tegra tio n o f p rio r
kn owledge an d un certain ties in to analyses, f urt her en-
hancing pre dict i ve power ( Zip kin et al. 2014 ). Bayesian
hierarchical m ode ls, in p art icu lar, faci lit ate t he integra-
tio n o f data fro m divers e s ources a nd offer a ro bus t
fram ewor k for synt hesizing infor mation across sp at ia l
and temporal scales ( Senf et al. 2017 ; Zipkin et al. 2023 ).
This cap abi lity is essent ia l as e colog ica l dat a of ten come
fro m varied mo ni to ring effo rts wi t h differ ing met hod-
ologies. 

How ev er, th ese m ode ls are limited to tabular data and
r equir e users to specify the relatio nshi ps between re-
spo nse and p redicto r variables. This limi tatio n beco mes
mo re p ro n oun ced with th e in creasin g v olum e an d di-
versi ty o f tod ay’s d atasets. In p art icu lar, modern e colog-
ic al d atasets n ot only en compass lar g e v ol umes o f struc-
tured data, such as climate r ecor d s, but al so include un-
st ructure d raw data like images and videos from wi ld life
cam eras. Moreover, th es e datas ets o ften co ntain co m-
plex interactions that are cha l leng ing for convent iona l
s tatis tical m eth ods to deciph er. 

Dur ing t he l ast dec ade, th e use of ML m ode ls in
e colog ica l r esear ch h a s gained po p ul arit y. As illustrated
in the AI Framework ( Fig. 2 ), ML models le ar n t he
com plex rela tion ships betw een respon se varia bles and
p redicto rs through i terative p rocesses o f tra ining a nd
va lidat ion. A k ey adva n cem ent wit hin t hi s field i s
deep le ar ning, a b ranch o f machine le ar ning t hat in-
vo l ves m ode ls comm on ly ca l le d de ep neura l n etwor ks
(DNNs, Box 2 ), which can au to mat ica l ly dete ct very
comp lex and highl y di scrimin at ing p a tterns in da ta
( LeCun et al. 2015 ). This ab ili ty makes deep le ar ning
p art icu lar ly re le vant for s o l ving comp lex prob lems
such as spe e ch re cog nit ion, obj e ct dete ct io n, co m-
pu ter visio n, a nd ma ny other doma ins ( Hinton et al.
2012 ; Ta igma n et al . 2014 ). Suc h m ode ls c an prov ide
t her ma l e colog ists wit h power f ul t ools t o bett er under-
stan d h ow anim al s are affe cte d by their surrounding
environments. 

Alongside the deve lopm ent of pre dict ive m ode ls, cli-
mat e c han g e has intensified the ne e d to predict ecolog-
ical responses to n ove l con ditions. Th ese pre dict ions
can hig hlig ht th e vuln erab ili ty o f species and ecosys-
tems a nd inf o rm co nservatio n s trategies. Both s tatis-
t ica l (p a ttern iden tifica tion) an d m ech ani stic (theory-
driven) m ode l s h ave been developed to address this
ne e d. Stat ist ica l models such as species dist ribut ion
m ode ls (SDMs) use r ecor ds of species presence and ab-
sence to proj e ct potent ia l dist ribut ions under various
c limat e scena rios ( Hijma ns a nd Graha m 2006 ; Austin
2007 ; Franklin et al. 2009 ). How ev er, S DMs o ften lose
effe ct iven ess un der unpre ce dente d climate co ndi tio ns
due to their reliance on historic al d ata ( Buckley et al.
2010 ; B riscoe et al. 2023 ). Con sequent ly, t here’s a grow-
ing demand for mech ani stic m ode l s th a t sim ula te phys-
iolog ica l processes and t her mal tolerances. These mod-
els aim to capture how new limi ting co ndi tio ns af-
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Fig. 2 AI framework in ecological research: This diagram outlines the iterative process from data collection to model deployment and 
f eedback. Ar ro ws illustrate the cyclical nature of the process, where feedback informs continual refinement and re-training to optimize 
performance and adapt to new insights. 
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 ect a nim al s in their hab i tats, p roviding a mo re ro-
ust fram ewor k fo r p re dict ing c limat e c han g e impacts
 Helmuth et al . 2005 ; Buc kley et al . 2010 ; S inc lair et al.
010 ; Urb an et a l. 2016 ). How ev er, effe ct i ve imp lemen-
at ion re quires detai le d knowle dge o f the co ndi tio ns an-
m al s experience and their t her ma l sensit iv it y ( Briscoe
t al. 2023 ). 

Desp i te the crucial role of pre dict iv e a bility, high-
u alit y pa ra met er s essential for accurate pre dict ions are
f ten not re adi ly avai la ble ( An g i l letta et a l. 2019 ; Briscoe
t a l. 2023 ; Riddel l et a l. 2023 ). Gat her ing a nd a nalyzing
h e n ecessary microc limat e and t her ma l sensit iv it y d ata
 or mecha nistic m ode ls can be p art icu larly cha l leng ing,
spe cia l ly in natura l environments ( Ang i l letta et a l.
019 ; Riddel l et a l. 2023 ). AI offers a potent ia l to
ddress these cha l len g es b y impro ving the estima-
io n o f microc limat e data a nd enha n cing th e abil-
ty to track anim al s’ responses to different environ-
 ents. Th ese improvem ents s h ou ld faci lit ate t he ac-
uisi tio n o f cri tic al d ata w ith greater accuracy and
fficiency. 

I in climate models and its potential for 

icroclimate modeling 

n derstan ding th e microc limat es th at anim al s ex-
erience is fun dam ental f or cha racter izing t he

m pacts of clima te on their behavior and sur-
ival ( Potter et al. 2013 ; Pincebourde and Wo o ds
020 ). For insta nce, a nim al s m ay t her moregu-
ate b y mo vin g betw een sunny an d s h aded area s
it hin t heir hab i t ats ( Ke ar n ey et al. 2009 ). Th ere-

o re, tradi tio n al clim ate m ode ls, opera ting a t spa tial
cales of many kilomet er s, pr ovide br oad r egional
re dict ions but fail to account for fine-scale microcli-
a tic varia tions ( Potter et al. 2013 ). To address this
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Box 2. Glossary of advanced models me nt ioned in the paper 

De cision tre es: A fun dam en tal com ponen t of many ML m ode ls, de cision t re es are use d to ma ke a series of de cisions 
b ase d on the da ta’s a ttri butes. Th ey are simple to un derstan d an d interpret an d are used as building blocks in more 
co mplex algo ri thms such as Random Forests ( Q uin lan 1986 ). 
Rando m fo res t: A machin e learning t ec hnique for cl assific ation and r egr ession th at build s mul ti ple decisio n trees 
an d m er g es them to get a m ore accurate an d stable pre dict ion, widely use d in e colog ica l data ana lysis ( Liew et al. 
2022 ). 
S uppo rt vecto r m achin es (SVMs): Model s u sed for cla ssification and r egr ession challen g es, effectiv e in high- 
dimensiona l sp aces ( Co rtes and Vap nik 1995 ). 
Artificia l neura l net w orks (ANNs): Art ificia l neura l networks are co mpu tatio nal m ode ls inspired by the human 

b rain, co n sistin g o f interco nn ected n odes (n euro ns) o r ganized in lay er s, used t o re cog nize p atterns and ma ke de ci- 
sions b ase d o n inpu t data. Th ese m ode ls are cap able of p attern re cog nit ion and s tatis tic al cl assific ation, ad aptable to 

various types of data inputs, which makes them useful in complex ecological p redictio ns ( Fuku shim a 1980 ). 
D ee p ne ural ne t w orks (DNNs): A type of ANN wi th mul ti ple hidden layers between inputs and ou tpu ts, enhancing 
th e m ode l’s ab ili ty to le ar n an d m ode l com plex pa tter ns, suit able for t a sks such a s im age re cog nit ion and t ime-series 
pre dict ion in e colog ica l r esear c h ( LeCun et al . 2015 ). 
Convol u t ion al n eural n et w orks (CNNs): A class of deep neural n etwor ks comm on ly use d for analyzing v isu al 
im agery. CNNs u se co nvol u tio nal layers to au to mat ica l ly and adapti vel y le ar n sp at ia l hiera rchies of f eatur es fr om 

input images, making them power f ul for tasks such as image cl assific ation and obj e ct dete ct ion ( Jadeja et al. 2023 ). 
Recurr en t n eural n et w orks (RNNs): A type of art ificia l neura l n etwor k design ed to recognize patterns in sequences 
of data, such as time series or natural l angu age. RNNs have conne ct ions that form dire cte d cycles, a l lowing them 

to ma inta in a ‘m em o ry’ o f p revio us inp uts in th e sequen ce. Thi s m akes t hem suit able for t as ks wh ere context an d 

se quent ia l informat ion are essent ia l ( Kaur and Mohta 2019 ). 
Lo ng sho rt-te rm me mory net w o rks (LS TMs): A type of r ecurr ent n eural n etwor k design ed to han dle sequen ces 
of data, such as time series or text. They are p art icu larly go o d at rememb er ing infor mation for long p erio ds, which 

h e lps th em ma ke better pre dict ions or decisions b ase d on earlier parts of the sequence ( Hoc hreit er and Schmidhuber 
1997 ). This ab ili ty makes LSTMs useful for tasks like l angu age transl at ion, spe e ch re cog nit ion, and st oc k price pre- 
diction. Such n etwor ks also have the potent ia l to predict time-series effects in ecological studies. 
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ga p, microclima te m ode l s h av e been dev eloped to es-
timate co ndi tio ns in various micr oenvir onments using
available c limat e dat a ( Ke ar ney et al. 2014 ; Ke ar ney
and Port er 2017 ; Mac lean et al. 2019 ). Desp i te sig-
nificant pr ogr ess over the l ast dec ade, th ese m ode ls
st i l l re quire f urt h er refin em ent ( Briscoe et al. 2023 ).
While AI m eth od s h ave started to b e incorp ora ted in to
c limat e m ode ling, th eir a pplica tion in microclima te
est imat ion r emains r e lative ly un der explor e d (but se e
Lembrechts et al. 2022 ; Haesen et al. 2023 ). This sec-
tio n explo res how AI h a s enh anced clim ate m ode ling
and di scu sses how these advancements can be applied
t o microc limat e m ode ls. 

Adapting ML in climate models 

Climate scien ce h eavily re lies o n p re dict ive mod-
el s, which h ave hi storica l ly use d stat ist ica l m eth ods
t o forecast c limatic c han g es ( Easterlin g et al. 2000 ;
Kaplan et al . 2003 ; Sc hmidt and Dikau 2004 ; Tabor
and Wi l liam s 2010 ). How ev er, th ese m eth ods often
strug gle wit h accuracy, p ro mpt ing an increase d re-
liance on physical m ode l s th a t sim ula te the complex
physics of the c limat e syst em ( Chen et al. 2023 ). De-
sp i te their sophist icat ion, both physica l and stat ist i-
cal m ode ls en count er c ha l len g es in accurately pre-
dicting c limat e fact or s li ke pre cipitat ion and ext reme
we at her events. This is p art icu l arly ev ident in regions
wi th co m plex clima te dynamics, such as the trop-
ics, where variab ili ty in p reci p i tatio n and tem pera ture
poses significant challen g es for accurate pre dict ions
( Wi l ls et al. 2022 ; Zhu et al. 2022 ; Hauswirth et al.
2023 ). 

De ep neura l n etwor ks (DNNs) ( Box 1 ) r epr esent a
significan t innova tion in c limat e m ode lin g, introducin g
new cap abi lit ies for bias corre ct ion, dow nsc aling , and
em ula tion. These AI-driven t ec hniques addres s s pecific
limi tatio ns inherent in previous c limat e m ode ls, en-
han cing th eir overa l l pre dict ive accuracy and reliab ili ty
( Chen et al. 2023 ). The followin g section s will present
exa mples releva nt t o microc limat es and di scu ss poten-
t ia l a pplica tio ns o f these AI t ec hniques. 

Bias correction 

Al l pre dict ive m ode ls, in c luding microc limat e mod-
e ls, inh erently suffer from bias. ML m ode ls, p art icu-
la rly D NNs ( Box 1 ), a r e incr ea singly u se d to corre ct
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ia ses in clim ate m ode l pre dict ion s ( Ta ble 1 A). These
 ode l s enh ance p redictio n reliab ili ty by le ar ning com-

lex re lations hips between m ode l o utp uts and observed
 ata, which c an h e lp dire ct e cosystem m an agement,
g ricu ltura l pl anning , an d urban deve lopm en t ( Zh u
t a l. 2022 ; C hen et a l. 2023 ; Kesa va varthini et al. 2023 ;
abar inat h et al. 2023 ). Although ML approaches are
ot yet widely used for bias-corre ct ing microc limat es,
NNs have significantly re duce d biases in surface tem-
eratur e and pr e cipitat ion in glob a l circu lat ion mod-
ls ( Kesa va varthini et a l. 2023 ; Sab arinath et al. 2023 ).
h ese n etwor ks a re tra in ed using m ode l pre dict ions
s inputs and observed biases as tar g ets. Lon g s h ort-
erm m em ory n etwor ks (LSTMs, Box 2 ) are p art icu larly
ffe ct ive due to their ab ili ty to remember past values,
hich is essent ia l in contexts where climate co ndi tio ns

xhib i t stro ng tempo ral co rrelatio n s ( Yan g et al. 2022 ;
eo and Ahn 2023 ; Kao et al. 2024 ). 

ML m ode ls can also h e lp fin d pa ra met er s that
o ntribu te th e m ost to m ode l bi as. Expl ainable AI
EAI) enhan ces m ode l tra nspa rency by identifying
hich variables most sig nificantly re d uce b ias, aiding

n fine-tuning and model pa ra meterization ( Gunning
t al. 2019 ; Ryo et al. 2021 ; Ali et al. 2023 ). Tech-
iques such as mutual info rmatio n and per mut a-

ion fea ture im portance ( Box 1 ) provide insights into
h e re la tive im po rtance o f differen t fea tures, h e lp-
ng o p timize m ode l s by focu sing on th e m ost im-
 act fu l fact or s ( Guyon and Elisseeff 2003 ; Altmann
t al. 2010 ; Molnar et al. 2023 ). This tra nspa rency
s crit ica l fo r imp roving m ode l accuracy an d re liabil-
ty. 

In the context of microc limat e m ode ling, ML-b ase d
 ias co rre ct ion te chniques hold significant potent ia l. By

n tegra ting real observa tio ns o f microc limat e data (e .g.,
embre chts et a l. 2020 ), th ese m ode ls could be t raine d

o ad just b iases in tem pera tur e pr e dict ions across dif-
er ent micr ohab i tats. This app ro ach wou ld not on ly en-
an ce m ode l accuracy bu t also guide fu tur e r esear ch
ire ct ions. Ident ifying im portan t environmen t al var i-
bles and underst anding he at ex chan g e processes like
o nd uctio n, co nvectio n, and radiatio n are essential for
ccurate m ode ling. ML m ode ls exce l in a pproxima ting
hese complex functions due to their ability to handle
 onlin ear interactions, a challen gin g task for tradi tio nal
 tatis tical m ode l s ( Hern anz et al. 2024 ). 

ownscaling 
ne of the major problems that c limat e and biophysical
ich e m ode lers face is the problem of scaling ( Giorgi
t al . 2001 ; Pott er et al . 2013 ). F or clima te m ode ls, th e
ow resol u tio n (e.g., 6-h our ly, an d 100–300 km) means

i ssing m an y ph ysical pro cesses that op era te a t m uch
ma l ler sca les ( Linderson et a l. 2004 ). Fo r b iophysical
 ode ls, pa ra meterizatio n wi th suc h coar se c limat e res-
l u tio n data means that the modeled organism is unable
o exper ience t he re a list ic microc limat e co ndi tio ns. Fo r
xam ple, accoun ting for shade avai labi lity is ne cessary
or sim ula ting t her moregu lat ion and risks of c limat e
han g e ( Buckley et al. 2010 ; Ke ar n ey et al. 2009 ; Ridde ll
t al. 2021 ; Stark et al . 2023 ; Zlotnic k et al. 2024 ). Recent
m plemen ta tio ns o f R packages fo r microc limat e mod-
 ling n ow en able u ser s t o conveniently ca lcu late micro-
 limat es using online coar se-c limat e datasets suc h as
CEP ( Kemp et al. 2012) and ERA5 ( Klin g es et al. 2022 )

s inputs ( Table 2 ). 
The potent ia l of ML in dow nsc aling c limat e data

o the microclimate level is st i l l under explor ed,
hough p ro mising a ttem pts for spa tial and tempo-
al dow nsc aling of global and region al clim a te da ta
 ave been m ade ( Table 1 B). One ch a l len g e with ML
 ode l s i s extra pola ting under unfa milia r condi-

ions, such as those an ticipa t ed with c limat e c han g e
 Hernanz et al. 2024 ). While ML m ode ls provide m ore
cc urate predic tions than tradi tio nal m eth ods, th ey are
ur rent ly limit ed t o t raining on exist ing observat iona l
at a ( As adol la h et a l. 2022 ; Amnuaylojaroen 2023 ).
ow ev er, th e flexi b ili ty o f ML m ode ls, p art icu larly
 NNs, enha n ces th eir ab ili ty to mimic natural phe-
 om ena an d im prove extra pola tion ca pab ili ties. This
pproach h a s b een incorp ora ted in to both temporal
nd sp at ia l downsca ling m ode ls ( Wang et al. 2024 ).
ybrid m ode l s th at mer g e s tatis tic al and physic al ap-
r oaches ar e also pr omising , especi ally for g eneralizin g
icroc limat e pre dict ion s bey on d th e training dataset

 Han et a l. 2019 ; D uchÊne et al. 2020 ). Inco rpo rating
 andsc a pe fea tures tha t a ffe ct heat b a lance , suc h as t o-
ography, c an prov ide a physic a l b a si s for ML m ode ls.
sing lo cal top ogra phy ma ps, th e s lope an d aspect of

ach pixel can be ca lcu late d to determine how these
act or s influence sol ar radi a tion in t ensity ( Mac lean
t al. 2019 ; Ke ar ney et a l. 2020 ). This adde d physica l
eali sm m ay h e lp th e m ode l le ar n how t hese fe atures
 ffect sola r radiation a n d h e at distr ibu tio n, enhancing
icroc limat e pre dict ion accuracy in diverse environ-
 ents. An oth er hybrid approach may be Sim ula ted
L ( Kleiss l et al. 2023 ), wh ere th e training data of
L microc limat e m ode ls can be enriched using the

re dict ions of physical microc limat e m ode ls. 
An addi tio na l sig nificant cha l len g e for microc limat e
 ode ling is th e sca rce ava i labi lity of high-resolut ion

ata ne e de d for t ra ining a nd pre dict ions. Whi le on line
atab ases li ke ERA5 ( Hersb ach et a l. 2020 ) and ERA5-
an d ( Muño z-Sabat er et al . 2021 ) prov ide high-qu alit y
lima tic da ta, spa ti al l andsc ape d a ta a t resol u tio ns o f a
ew met er s or less is essent ia l f or effe ct iv e down scal-
ng to the microclimate le vel. High-res ol u tio n maps o f
hysica l p a ra met er s li ke radiat ion a re ra re, a nd maps
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Table 1 Examples of machine learning applications in climate bias correction and downscaling, as well as in the analysis of time-series 
sensor data and camera trap images. These approaches hold significant potential for predicting microclimate conditions and for 
understanding animals’ responses to such conditions. 

(A) Climate bias correction 

ML model Citation Model usa g e 

SVM Yoshikane and Yoshimura (2023) Corrections of hourly precipitation predictions 

Random forest Zebarjadian et al. (2024) Corrections of daily precipitation map predictions 

DNN Sabarinath et al. (2023) Corrections of surface air temperature predictions 

DNN Kesa va varthini et al. (2023) Corrections of precipitation predictions 
(B) Climate downscaling 

ML model Citation Model usa g e 
DNN Wang (2024) Temporal downscaling of gridded maps 

SVM Chen et al. (2010) ; Tripathi et al. (2006) Temporal downscaling of precipitation 

SVM Yoshikane and Yoshimura (2023) Spatial downscaling of precipitation 

Random forest Davy et al. (2010) Temporal downscaling of wind variability 

DNN Coulibaly et al. (2005) Spatial downscaling of precipitation and temperature 

DNN Sharifi et al. (2019) Temporal downscaling of precipitation and temperature 
(C) Classification of time-series acceleration and acoustic data 

ML model Citation Model usa g e 
Random forest Keen et al. (2021) Natural and synthetic vocalizations of two bird species 

LDA Radford et al. (2016) Vocalization of a fish species 

SVM Fagerlund (2007) Vocalization of several bird species 

LDA, SVM, and decision trees Acevedo et al. (2009) Vocalization of several bird and frog species 

DNN Zhong et al. (2020) Vocalization of several bird and frog species 

SVM Martiskainen et al. (2009) Acceleration data of cows 

LDA, SVM, decision trees, random 

forest, and DNN 

Nathan et al. (2012) Acceleration data of vultures 

Random forest Resheff et al. (2024) Acceleration data of Damaraland mole-rats, meerkats, 
olive baboons, and polar bears 

DNN Pan et al. (2023) Acceleration data of domestic pigs 

DNN Otsuka et al. (2024) Acceleration data of two seabird species 
(D) Camera traps 

ML Model Citation Model usa g e 
DNN Beery et al. (2019) Detection of animals 

DNN Norouzzadeh et al. (2018 , 2021 ) Detection, counting, and describing of animals 

DNN Chen et al. (2020) Individual face recognition of giant pandas 

DNN Clapham et al. (2022) Individual face recognition of bears 

DNN Deb et al. (2018) Individual face recognition of several primate species 

DNN Shermeister et al. (2024) Microhabitat choice (sun/shade) in lizards 
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of ground tem pera tures a t thes e res ol u tio n s are ev en
sc arcer, posing signific an t h urdles for m ode l training
and va lidat ion ( Briscoe et a l. 2023 ). Col le ct ing such data
at meter or sub-meter resol u tio n s, dependin g on the
s tudy s p ecies, can b e achiev ed usin g sat ellit e o r airbo rne
s ens ors like LiDAR, which provides sp at ia l ly cont in-
uous, su b-m eter-sc ale d ata on imp ortant mo difiers of
c limat e at the g round–at mosphere int erface , inc luding
gro und to pography and v eg etat ion st ructure ( Zel lw eg er
et al. 2019 ). Addi tio nally, dro nes equi pped wi t h var ious
s ens ors can gather detai le d high-resol u tio n data on to-
pogra phy, radia tion, and v eg etation cov er ( Ednie and
Kerr 2022 ; Hoffrén and García 2023 ). 

Impact on conservation 

Accura te estima tio ns o f microc limat es c an signific antly
en hance conservat ion efforts. Tha nks to adva n cem ents
in t ec hnology, co nservatio n m an agers can now col le ct
th e n ecessary data to train and deploy microc limat e
m ode ls m ore cost-effe ct i vel y. Off-the-shelf drones al-
low f or deta i le d m easurem ent of lo cal top ography, veg-
etation cover, and other physica l features. Addit iona l ly,
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Table 2 Overview of various tools and libraries used in environmental data processing, categorized by their functions and programming 
languages 

Category Library Langua g e Explanation Citation 

Microclimate data myClim R Microclimate data handling and 
analysis 

Man et al. (2023) 

Microclimate data mcera5 R Provides access to ERA5 climate 
reanalysis data for microclimate 
modeling 

Klinges et al. (2022) 

Microclimate model microclima R A mechanistic mesoclimate and 
microclimate model of near-ground 
air temperature 

Maclean et al. (2019) 

Microclimate and 
Biophysical models 

NicheMapR R Tools for microclimate and 
biophysical modeling 

Microclimate model—Kearney and 
Porter (2017) . Ectotherm and dynamic 
energy budget models—Kearney and 
Porter (2019) . Endotherm 

model—Kearney et al. (2021) 
Microclimate and 
biophysical models 

trenchR R Tools for microclimate and 
biophysical modeling 

Buckley et al. (2023) 

Acceleration data 
processing 

acc R Process, visualize, and analyze 
accelerometer data 

Song et al. (2023) 

Acceleration data 
processing 

rabc R Animal behavior classification from 

accelerometer data 
Yu and Klaassen (2021) 

Acceleration data 
processing 

accelerateR R A framework for acceleration data 
analysis 

Wanja (2019) 

Acoustic data processing warbleR R Analysis of animal acoustic signals Araya-Salas and Smith-Vidaurre (2017) 

Acoustic data processing OpenSoundscape Python Automated acoustic detection, 
classification, and localization 
methods 

Lapp et al. (2023) 

Image processing magick R Tools for image processing Ooms (2024) 

Camera traps processing camtrapR R Functions for managing and analyzing 
camera trap data 

Niedballa et al. (2016) 

Camera traps processing MLWIC2 R Machine learning algorithms for 
animals’ identification in camera trap 
images 

Tabak et al. (2020) 

This list may not be exhaustive. 

Fig. 3 High-resolution microclimate downscaling can benefit from remote sensing and online climate data. Gray-numbered circles 
r epr esent the different stages of a possible AI framework. (1) A study area is selected; (2) a drone is used to map the area; (3) mapping 
software is used to generate the input maps for the model; (4) the input maps and coarse scale predictions of temperatures for historical 
and future climates (e.g., 1 km data from the WorldClim database [ Fick and Hijmans 2017 ]) are used as input to the AI model; and (5) the 
model produces predictions of ground temperature that can be further analyzed and inform decision-makers. For example, the black 
ar ro ws point to areas where temperature extremes may risk animals, and mitigation steps such as planting additional trees or adding other 
shade elements should be considered. Drone image by Rodri Paz from Pixabay under Pixabay Content License. 

D
ow

nloaded from
 https://academ

ic.oup.com
/icb/advance-article/doi/10.1093/icb/icae127/7724392 by Tel Aviv U

niversity user on 03 Septem
ber 2024



10 O. Levy and S. Shahar 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/icb/advance-article/doi/10.1093/icb/icae127/7724392 by Tel Aviv U

niversity user on 03 Septem
ber 2024
co nservatio n m an agers can col le ct mete orolog ica l data
either loca l ly or using on line datab as es. The y can als o
deploy tem pera ture s ens ors in their area to col le ct pre-
cise tem pera ture da ta. These co mb ined d ata sources c an
then be used to train b ias-co rrectio n and dow nsc al-
ing ML m ode ls ( Fig. 3 ). B y trainin g b ias-co rrectio n ML
m ode ls with local tem pera ture s ens or data, m an agers
ca n enha n ce th e accuracy of th eir microc limat e esti-
m ates, m akin g con servatio n effo rts mo re effe ct iv e. B y
trainin g down scalin g ML m ode ls an d mapping th ese ar-
eas in high resol u tio n, co nservatio nists can better un-
dersta nd a nd preserve the diversity of microhabitats for
su ppo rting various animal species. 

Dev elopin g ML down scalin g m ode ls f or a reas of in-
terest can also revol u tio nize hab i tat m an agem ent an d
spe cies prote ct ion efforts under c limat e c han g e. These
m ode l s m ay h e l p p r edict how micr oc limat es within
specific hab i tats a re lik ely t o c han g e under different
c limat e scenarios, ena blin g de cision-ma ker s t o proac-
ti vel y identify potential c limat e r efugia—ar e as t hat re-
main re lative ly stable an d ca n serve as sa f e hav en s for
species during extreme we at her events or long-term cli-
matic shif ts. Furt her more , int eg rat ing loca l topog raph-
ic al d a ta in to ML m ode l s enh an ces th e un derstan d-
ing of how specific l andsc a pe fea tur es influence micr o-
c limat es. This knowledge is vi tal fo r develop ing tar-
g eted con serva tion stra t egies, suc h as con servin g or
ev en restorin g v eg etatio n o r r ock cover in ar eas pr one
to heat s tres s ( Stark et a l. 2023 ; Zlot nick et a l. 2024 ).
B y identifyin g microha b i t ats t hat su ppo rt vulnerable
species, t hese are as can be p rio ri t ize d fo r co nservatio n
action s, en surin g r esour ces ar e a l locate d more effe c-
ti vel y. Such adapti ve m an agemen t a ppr oaches ensur e
tha t conserva t ion pract ices rema in effe ct ive in the face
of chan gin g enviro nmental co ndi tio ns. In summary,
training ML microc limat e m ode l s m ay pro vide po wer-
ful m an agement tool s to enh ance co nservatio n strate-
gies, ena blin g dat a-dr iv en decision s that su ppo rt b iodi-
versity and ecosystem resilience. 

AI in tracking climate impacts on 

animals 

While c haract erizing microc limat es un der current an d
future c limat es is crucial , i t is o n ly p art o f the b roader
e colog ica l picture . Under st anding how t hese microcli-
mates a ffect a nimal behavior and p hysio logy is e qua l ly
im portan t. A nim al responses to microc limat es can il-
luminate the significance of different microhab i tats and
hig hlig ht ri sks a ssoci ated w i th hab i ta t loss and clima te
chan g e ( Ke ar n ey et al. 2009 ; Ridde ll et al. 2021 ). These
r esponses ar e genera l ly categorize d into behaviora l (e.g.,
s hade-see kin g, chan gin g b o dy p osture, p ant ing, and gu-
lar flu ttering) and p hysio log ica l (e.g., b o dy temp era-
ture) chan g es, which vary dependin g on the species
studied. Insights from thes e respons es can h e lp pa ra me-
terize biophysical nich e m ode l s, m aking th em m ore ac-
c urate in predic ting how anim al s interact with their en-
vironm ent un der varying climatic con ditions. 

For de cades, t radit iona l manua l observat ion s hav e
offere d sig nifican t insigh ts in to as pects s uch as micro-
hab i tat u t i lizat ion ( Huey and Pianka 1977 ), b o dy tem-
perature mo ni to ring ( Hertz and Nevo 1981 ), an d oth er
p hysio log ica l resp onses ( B arth olom ew et al. 1968 ).
How ev er, th ese m eth ods often face log ist ica l cha l len g es
when studies r equir e long durations or cover mu lt i-
ple sites ( Weaver et al. 2021 ). Wearable and im plan ted
s ens ors have been developed to overcome these o bs ta-
cles by con tin uously tracking anim al s’ locations (e.g.,
Ke ar ney et al. 2018 ), b o dy temp eratures (e.g., L evy et al.
2012 ), act ivit ies (e.g., Levy et al. 2016 ), and exposure to
sol ar radi ation (e.g ., Moore et al . 2018 ). S imil arly, c am-
era traps have become vital for capturing the diversity of
anima l spe cies an d th eir microhab i t at us age ( O’Conn e ll
et al. 2011 ). Desp i te th ese advan cem ents, th e imm ense
vol ume o f da ta genera ted presen ts new cha l len g es that
are wel l-suite d fo r b ig-dat a and AI-dr i ven so l u tio ns. 

AI plays an essent ia l role in interpreting the vast
amounts of raw data generated from these technolo-
gies. For instan ce, acce lerom et er s, whic h measure ac-
celeratio n o n two o r thr ee axes, r equir e sophist icate d
an alysi s t o translat e movemen ts in t o behavior s like rest-
ing, wa l king, or running ( Fehlmann et al. 2017 ; Nathan
et al . 2022 ; S ilva et al . 2022 ; Otsuka et al . 2024 ). Sim-
i larly, acoust ic data must be processed to derive eco-
log ica l insights such as m ovem ent spe e d, microhab i tat
choices (open air , shelter , a nd water), a nd activ it y t ypes
(browsing , gnaw ing , digging , scrat c hing , div ing , etc.)
( Thieb au lt et a l. 2021 ). Camera t raps a l so dem and de-
tai le d inspe ct ion to ext ract usefu l informat ion, such as
ident ifying spe cies, observing postures, and determin-
in g microha b i tat sele ct io ns ( No rouzzadeh et al. 2018 ;
Wolff et al. 2020 ; Zhou et al. 2022 ; Stark et al. 2024 ).
The unique c haract er istics of e ach dat a type, from high-
frequen cy m easurem ents in acce lerom et er s and sound
devices to the RGB matrices of cam era images, n ecessi-
t ate t ai lore d AI appro aches f or effe ct ive ana lysis. 

Time-series acceleration and acoustic data 

B io-loggin g h a s become a power f ul tool for studying
t her mo regulato ry respo nses in wild anim al s. How ev er,
devices that pr ovide high-fr e quency t ime-ser ies dat a,
such as acce lerom eters an d acoustic s ens ors, are st i l l
underr epr esented in therma l e cology. These data can
be t ranslate d into va luable e colog ica l insights that in-
fo rm b iophysical nich e m ode ls an d enhan ce our un-
derst anding of t her moregu lat ion. F or instance, Na than
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t al. (2012) utilized acce lerom et er s t o study how envi-
o nmental facto rs a ffec t the flig h t pa tterns o f vul tures.
cce lerom et er s can also enable r esear c her s t o moni-

or t her mo regulato ry events such a s ch an g es in b o dy
osture a nd pa nting, s h edding m o re light o n anim al s’
esponses to chan g es in their thermal environment
 Islam et al. 2020 , 2023 ). Using acous tic loggers, Pes sato
t al. (2020) investigated how desert birds use vocal
 ant ing as an ada pta tion to in tense hea t co ndi tio ns. Im-
ort ant ly, t h e tim e-ser ies nature of log gers’ dat a pro-
ides a unique o p po rtuni t y to c apture sequences of ther-
o regulato ry respo nses, fro m behavio ra l modificat ions

o p hysio log ica l chan g es ov er time. 
Using ML m ode ls t o c haract er ize t h ese be haviors in

uch data may in crease th e ado p tio n o f acceleratio n and
coustic s ens ors in t her ma l e cology . T wo approaches
re co mmo nl y emp loyed t o aut omat ica l ly c haract er-
ze behavio rs fro m b io-log ging dat a: supervised and
nsup ervised mo dels ( Box 2 ). Sup ervised mo dels are
o re p reva lent, re quir ing dat a s amples to be annotated
ith g round-t ruth observat ions to ident ify spe cific be-
avio rs o r p hysio log ica l respo nses. Fo r example, ac-
e lerom eter data m ay cla ssify t her mo regulato ry behav-
or s suc h a s sh ade-seeking and ch an g es in b o dy p os-
ure, whi le acoust ic data may ident ify voca l p ant ing in
espons e to heat. Res earc her s can us e thes e annotated
amples to train cl assific ation ML m ode ls, such as lin-
 ar discr imina nt a nalysis (LDA) a nd su ppo rt vecto r ma-
 hines (SVMs), whic h can then au to mat ica l ly re cog-
ize and categorize similar data patterns (re vie wed by
e en et a l. 2021 ). A n example i s th e wor k by Oswald
t al. (2022) , who demonst rate d that different species of
ownsend-grou p chi p munks ( Neo t amias t o wnsend i i , N.
 iskiyo u , N. senex , and N. ochroge nys ) exhib i t distinct
oca lizat ion p atterns. The main benefit of supervised
e ar ning is its accuracy and p redictab ili t y in cl assific a-
ion tas ks wh en labe led data are abun dant. How ev er, its
ffe ct iveness is limite d by the qua lity and extent of the
nnotation, which can be la bor-inten siv e and costly. 

Unsup ervised mo dels do not r equir e data to be man-
a l ly annotate d into pre define d clas ses. Ins te ad, t hese
 ode ls are design ed to se lf-iden tify da ta c lasses, whic h

s p art icu lar ly ben eficial wh en th e number of classes
 r behavio rs is unknown. Fo r example, unsu pervised
 ode ls can h e lp discover n ove l th erm o regulato ry be-

avior s, suc h as unre cog nize d p atterns of p ant ing or
 ove l vocal responses to h eat. Th e strength of unsuper-
ised le ar nin g lies in its a b ili ty to discover hidden pat-
erns and structures in data wi thou t p rio r knowledge,

a king it idea l fo r explo rato ry data an alysi s. How ev er,
he drawback is that it can som etim es lead to less precise
 r amb iguou s cla ssificatio n ou tco m es, especially wh en
 he dat a set i s co mplex o r when di stingui shing features
et ween cl as ses are s ubtle. 
B uilding on ad van cem ents in ML m ode l s for cla s-
ify ing time-series d ata, DNNs ( Box 1 ) ar e incr eas-
ngl y app lie d to the ana lysis of acoust ic and acceleration
at a. Over t he last de cade, sig nificant prog ress h a s been
 ade in acou stic DNN cla s sifiers, demons t rat ing de ep

e ar ning ’s poten t ia l (re vie wed by Stowell 2022 ). How-
ver, the a pplica tio n o f deep le ar ning t o c l assify w ild
nim al beh avio r fro m acceleratio n data is st i l l n a scent,
i th o n ly a handfu l of studies so far s h owing p ro mis-

ng results ( Otsuka et al. 2024 ; Pan et al . 2023 ). Stat e-
f-t he-art deep le ar ning m ode l s h ave enh an ced be hav-

oral cl assific atio n by u tilizing raw acceleratio n data di-
e ctly, eliminat ing th e n e e d for exten siv e feature en-
 ine ering re quire d by t radit iona l ML m ode ls ( O tsu ka
t al. 2024 ). For insta nce, D NNs ca n be used to identify
etai le d th erm o regulato ry respo nses such as specific
osture chan g es o r p re cise p ant ing p atter ns in var ious
nviro nmental co ndi tio n s. See Ta ble 1 C f or exa mples
f ML-b ase d cl assific ation m ode ls of tim e-s eries s ens or
ata. 

Wo rking wi th acceleratio n and acoustic data intro-
uces s e vera l cha l lenges. These cha l lenges inc lude c lass

mb a lan ce, n oisy data, an d variations due to differences
n indiv idu al behav ior, log ger att achm ent, an d s ens or

anufacturers ( O tsu ka et a l. 2024 ). D at a a ugmen ta tion
 ec hniques have been employed to enhance the qu antit y
 nd va riab ili ty o f data, h e l p ing p revent overfitting and
a inta ining perf orma nce even in no isy o r imb a lance d

o ndi tio ns. Co mmo n da ta a ugmen ta t ion te chniques in-
lude sc aling , jittering , rotating , and permuting the data
 Um et al. 2017 ; Pan et al. 2023 ; Otsuka et al. 2024 ).
ddi tio nally, s e veral s oftware packages have been de-
eloped to a ssi st r esear c her s in ha ndling a nd tra ining
l assific ation m ode ls for both acoustic ( Araya-Salas and
mit h-Vidaur re 2017 ; Se ar foss et al . 2020 ; S ilva et al .
022 ; Lapp et al. 2023 ) and acceleration ( Wieland and
igg 2023 ; Yu and K laass en 2021 ) dat a, facilit ating t he

tudy of complex t her mo regulato ry behavio rs. By ad-
ressing these cha l lenges, r esear c her s can more effec-
i vel y use these t ec hnologies t o under stand how anim al s
espond to varying t her mal co ndi tio ns. 

amera traps 

o effe ct i vel y stud y anim al beh avior, we ne e d the ca-
 abi lity to track anim al s under variou s co ndi tio ns.
radi tio nal m eth o ds like temp erature-sen sitiv e logg ers
 Moore et al. 2018 ) and radiote lem etry ( Ørs kov et al.
019 ) often invo l ve log ist ica l cha l len g es, p art icu larly
 ith c apturing anim al s or when they are un suita ble

or sma l l spe cies. Ov ercomin g t hese limit ations, camera
raps hav e rev ol u tio nized wildlife tracking by providing
n unpre ce dente d volume of data ( O’Conn e ll et al. 2011 ;
enn e ll et al. 2022 ; Vélez et al . 2023 ), whic h h a s facili-



12 O. Levy and S. Shahar 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/icb/advance-article/doi/10.1093/icb/icae127/7724392 by Tel Aviv U

niversity user on 03 Septem
ber 2024
t ated t h e deve lopm ent of various AI m ode ls tai lore d for
e colog ica l ana lysis (re vie wed by Fenn e l l et a l. 2022 ). 

As the planet faces esc al ating t hre ats from cli-
mat e c han g e, camera traps have become significant
in mit igat ing t hese r isks by col le ct ing va lu able d ata
world wide ( B uchho lz et al. 2021 ). These data include
detai le d re co rds o f when and where anim al s appear,
a l lowing r esear c her s t o deciph er th e con ditions that
influen ce be havior s suc h as seeking sun or shade
( Sh erm eister et al. 2024 ). Such insights are crucial for
un derstan ding pr eferr ed envir o nmental co ndi tio ns and
th e significan ce of s hading e lem ents in hab i tat selec-
tio n. Fo r examp le, Wo lff et al. (2020) ut i lize d camera
traps to study how deer ( Od o coil eus vi rgi n ian us ) chan g e
their pr efer ences for shaded or unshaded feeders based
on climatic condit ions. Simi lar ly, Cser kész et al. (2023)
revea le d that th e en dan g ered Hun garian birch mouse
( Sicis t a trizo na ) ca n rema in active in tem pera tures as
low as –6 

◦C, much cooler than previously document ed .
More over, studies li ke those by Stark et al. (2024) using
camera trap videos have underscored the importance of
t her moregu lat ion an d m ovem ent costs in desert lizards,
p roviding inval uable data fo r parameterizing mecha-
nistic nich e m ode ls that predict anima l surviva l under
varying climatic co ndi tio n s ( B r iscoe et al. 2023 ; St ark
et al. 2023 ). 

AI, p art icu larly co mpu ter visio n, has p ro foundly im-
p acte d wi ld lif e resea rch by ena blin g AI-driv en im-
age re cog nit ion a lgor it hms t o aut omat ica l ly dete ct an-
im al s ( Beery et al . 2019 ), c las sify s pecific s pecies
( Norouzzadeh et al. 2021 ), and identify behaviors
( Norouzzadeh et a l. 2018 ) (se e Fig. 4 for a s ugges ted
fram ewor k) ( Table 1 D). However, the use of camera
traps in study ing behav ioral t her moregu lat ion, a task
t ypic a l ly per for med by human observ ers, remain s un-
der explor ed ( Nor ouzzadeh et al. 2018 ). For example,
co mpu ter visio n AI m ode ls have s ucces sfu l ly classifie d
va rious a nima l spe cies ( Norouzzadeh et a l. 2018 ), iden-
t ifie d g iant p andas ( Ail u rop o d a mel anol eu ca ) ( Ch en
et a l. 2020 ), eight spe cies of bears ( C lapham et a l. 2022 ),
a nd f ourte en spe cies o f p r imates ( D eb et al. 2018 ). How-
ever, current m ode ls t ypic a l ly concent rate so lel y on the
anim al s and often overlook t he environment al context.
Inco rpo rating this context c an prov ide valu a ble in sights
into behavioral patterns and how anim al s interact with
t heir sur roundings. 

To fu l ly lev erag e AI capa b ili ties in camera traps for
analyzing t her ma l ly relate d resp onses, mo dels should
discern not just the animals but also their surround-
ing environmental con ditions ( Sh erm eister et al. 2024 ).
Cl assific ation m ode ls, th er efor e, s h ou ld be desig ne d to
as ses s bot h t h e environm en tal con t ext, suc h as wh eth er
anim al s are in sunlit or shaded microhab i tats, and spe-
cific behaviors and p hysio log ica l responses like pos-
ture and p ant ing. Addit iona l ly, EAI a lgor it hms, such
as G radient-w eighte d C lass Act ivat io n Mapp in g (G rad-
CAM), w hich hig hlig h t im portan t regions in the im-
age for pre dict ing a class ( Selvaraju et al. 2020 ), can
clar ify whet her t he mo del’s fo cu s i s p redo minantly o n
the animal or its environmen tal con text. Thi s enh ance-
m ent in m ode l t ransp arency sig nificantly b o osts the in-
terp retab ili ty and ecological applicab ili ty o f AI in ther-
ma l ly relate d studies. 

Impact on conservation 

Sensors and camera trap surveys can inform conserva-
tio n effo rts by capturing anim al s’ r esponses to micr o-
hab i tats wi th varying thermal co ndi tio ns (e.g., sunny
an d s hade d locat ions). Integ rat in g AI framew orks into
s uch s tudies ca n enha n ce th e ut i lity of the col le cte d data
f or understa nding c limat e exposure , p hysio logy, ther-
moregu lat ion, and microhabitat usag e. B y analyzin g mi-
crohab i tat p references, such d ata c an guide the design
of wi ld life reserves, su ppo rt ing spe cies amidst c limat e
chan g e ( Stark et a l. 2023 ; Zlot nick et al. 2024 ). This tech-
nology can also guide the st rateg ic placement of shade
structures or watering stations in areas facing rising
tem pera t ures. Com bining such data with microc limat e
data and high-resol u tio n dro ne maps can help iden-
tify t he import ance of shade elements like v eg etation
and rock cover ( Stark et al. 2022 ). Using microclimate
data and biophysical niche models, one m ay al so be able
to ca lcu la te opera tive tem pera tures and as ses s anim al s’
t her mo regulato ry behavio rs ( Briscoe et al. 2023 ). In-
sights from these methodologies help design c limat e-
resilien t conserva tion and restoration programs based
o n microhab i t at us ag e under adv erse co ndi tio ns. Fo r
capt ive anima ls, such maps ca n a id in designing enclo-
sures that p ro m ote efficient th erm oregu lat ion and ther-
mal co mfo rt ( de Azeve do et a l. 2023 ; Wark et a l. 2020 ).

Discussion and conclusions 

In tegra ting new tools from fields outside biology takes
tim e, an d climate chan g e biology st i l l lags in ado p ting
machine le ar ning . This del a y ma y hinder ur g ent con-
servatio n effo rts. This re vie w hig hlig hts h ow AI an d ML
can improve our un derstan din g of a biotic and biotic
fact or s, whic h are essent ia l for c limat e c han g e estimates.
We hope this re vie w inspires studies that lev erag e these
t ec hnologies. 

For t her ma l e colog is ts, unders ta nding ML a nd AI
can lead to innovative data uses, col le ct ion m eth ods,
and study designs that offer more accurate estimates
of c limat e c han g e impacts (e.g ., Fig . 1 ). R esearc her s
can use ML to au to m ate ta sks such as image dete ct ion
and cl assific ation w ith c amera traps (e.g ., Norouzzadeh
et al. 2018 ). For those collecting field data with s ens ors,
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Fig. 4 Using camera traps and ML models to detect activity patterns, microhabitat usage, and thermal pr efer ences of animals. First, camera 
traps collect images of passing animals across the day and night. Next, each image is scanned by an object-detection model (e.g., 
MegaDetector model, Beery et al. 2019 ) to identify the presence of animals in the image. Next, each animal detection is analyzed using an 
ML animal classification model, and the data are saved for analysis of activity patterns of each animal class or parameterization of 
biophysical niche models. 
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I can h e l p clean, o rganize, and analyze data through
utlier dete ct ion ( Ruff et al . 2021 ), c lust ering sound
n d acce lera tion da ta ( Ke en et a l. 2021 ), ident ifying
ey e colog ica l and p hysio log ica l fact or s ( Mi l ler 2019 ),
nd ma king e colog ica l pre dict ions. Addit iona l ly, ML
a n enha n ce th e accuracy an d resol u tio n o f microcli-
 ate estim ates. Tradi tio nal surveys and loggers provide

alu able d ata ( Huey and Stev en son 1979 ; Kerr et al.
004 ; Moore et al. 2018 ), and s ens ors like soun d an d
cce lerom et er s can offer new in sights. Usin g ML, we
an reveal how behaviors such as forag ing, p ant ing, and
iber nating vary wit h c limat e co ndi tio ns ( Islam et al.
020 ). F or exam ple, acoustic da ta may detect unique
ound sign atures a ssoci ated w ith behav iors li ke p ant ing
n d drinking. As ML m ode ls an d s ens or t ec hnologies
vo l ve, stay ing upd ated w ill enable f urt h er advan ce-
ents. 
W hile ML o ffers exci ting o p po rtuni ties, i t al so h a s

imi tatio ns. ML p redictio ns are co nfin ed to th e scope
f their training data and may fal ter wi th unfo reseen
cenarios ( Lee et al. 2018 ; Ovadia et al. 2019 ). Insuf-
cient training data can lead to m ode l failures, such
s undet ect ed anim al s in im ages with unu sual light-
ng. Co mp re h ensive scenario coverage in training sets
an mitigate this is s ue . Mec hanistic m ode ls can address
 hese limit a tions by in tegra ting p hysical, bio logical,
nd e colog ica l p rocesses, p rod ucin g relia ble pre dict ions
n der n ove l con ditions, an d identifying key chan g e
ri vers ( B uckley et a l. 2010 ; Urb an et a l. 2016 ; Briscoe
t a l. 2023 ). Bridg ing ML with me ch ani stic m ode ls can
ar ness bot h met hodolog ies’ st ren gth s ( Procopio et al.
023 ). For instance , microc limat e estimat es from phys-
cal microc limat e m ode ls can supplem ent real-wor ld
ata for training ML m ode ls an d improve their pre-
ictions ( Kleissl et al. 2023 ). In tegra ting th ese m eth-
d s enh ances robu stn ess an d re liab ili ty ( Kleissl et al.

2023 ). 
Im plemen ting ML models can be cha l leng ing due

o the co mplexi ty o f co ding and sp e cia lize d knowle dge
 equir ed. Fa milia ri ty wi th co mmo n ML lib raries (see
able 3 for Python, R, and Julia libraries) and lev eragin g
nline r esour ces can pr ov ide valu able guid ance ( Bl air
t al . 2024 ; S h erm eist er et al . 2024 ). Gi tHub reposi to ries,
ike Microso ft’s co mpu ter-visio n reci pes, o ffer code a nd
uide lin es for ML tas ks. Gen erative AI m ode l s, such a s
hatGPT, Google Gemini, and GitHub Co pilo t, a ssi st

n g eneratin g code and tro ubleshoo t ing errors, ma king
oding m ore accessi ble ( Ode h et al. 2024 ). Collaborat-
ng with ML experts ensures m ode ls are accurat e , effi-
ient, and biolog ica l ly meaning fu l. By ado p ting these
t rateg ies, e colog ists ca n effe ct i vel y use ML t o tac kle
o mplex enviro nmenta l cha l len g es. 

ummary 

n summary, the in tegra tio n o f AI wi thin e colog ica l re-
ea rch, pa rticula rly in the study of t her ma l e cology, rep-
esents a tra nsf o rmative app roac h t o under st anding t he
om plex im pacts of clima te chan g e o n b iodiversi ty. By
mploying AI in co njunctio n wi th microc limat e mod-
 ls an d anima l t rac king t ec hnologies, r esear c her s can
ol le ct detai le d d ata w i th unp re ce dente d resol u tio n and
ccuracy. Such datasets can then provide n ove l insights
nto how species interact with their environments and
nhance our ab ili ty to predict and mitigate the effects of
 limat e c han g e on e colog ica l systems. Thought fu l appli-
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Table 3 Examples of machine learning libraries across different commonly used programming languages 

(A) Python 

Packa g e Description Citation 

scikit-learn A library for statistical analysis including functions for 
training ML models (e.g. SVM) 

Pedregosa et al. (2011) 

fastai A high-level programming interface for training DNN 

models 
Howard and Gugger (2020) 

TensorFlow Python interface to “TensorFlow” neural network 
framework 

Abadi et al. (2015) 

Keras A high-level programming interface of the 
“TensorFlo w” platf orm 

Chollet et al. (2015) 

PyTorch Python interface to “torch” neural network framework Paszke et al. (2019) 

statsmodels Statistical modeling in python including ML models (e.g. 
random forest) 

Seabold and Perktold (2010) 

(B) R 

Packa g e Description Citation 
caret An interface for training ML models from a list of 

available models (e.g. SVM, random forest, and DNN) 
Kuhn (2008) 

randomForest A library for training random forest models Liaw and Wiener (2002) 

e1071 A library for statistical analysis including functions for 
training ML models (e.g. SVM) 

Meyer et al. (2023) 

nnet A library for training DNN models Venables and Ripley (2013) 

keras R interface to “Keras” neural network framework Chollet et al. (2017) 

tensorflow R interface to “TensorFlow” neural network framework Allaire and Tang (2024) 

mlr A library for training various ML models Bischl et al. (2016) 

neuralnet A library for training DNN models Fritsch et al. (2019) 

cito R interface to “torch” neural network framework Amesöder et al. (2024) 

(C) Julia 

Packa g e Description Citation 
Flux.jl An interface for training ML models particularly DNNs Innes (2018) 

MLJ.jl An interface for training ML models mostly non-DNN 

models 
Blaom et al. (2020) 

Knet.jl An interface for training deep learning models Yuret (2016) 

TensorFlow.jl Julia interface for “TensorFlow” neural network 
framework 

Malmaud and White (2018) 

ScikitLearn.jl Julia implementation of the “scikit-learn” Python library St-Jean (2022) 

Glossary: SVM—support vector machine. DNN—deep neural network. LDA—linear discriminant analysis. 
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catio n o f AI fo r interp r eting micr oc limat es and trac k-
ing animal data not o nly imp roves the accuracy and
b read th o f our e colog ica l m ode l s but al so stren gthen s
our co nservatio n st rateg ies, cont ribut ing to a more re-
silient fram ewor k fo r b iodiversi ty in the face o f glob a l
environmental chan g es. 
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