M4 F B & 20215F F66% 5 30H: 3799 ~ 3810 ¢ CPEREE ) Zek it
SCIENCE CHINA PRESS
CrossMark

& click for updates

S ALY Y ,;_‘,. » ,f%é
AT AR

1,34 2,3,5% s, o 1,34%
e A S T
L R ERF RSG5 R B EY N, 5 FREEYSERE S LR, Jbat 100101,
2. WPEBRE B A SRR, L5 100190;
3. i ERRA B IR S R AR SURAH G, 1 2000315
4. T ERLE B R RSB, JEAT 100049;
5. EBMARER A AAREARERE, JLat 100049
* A A, E-mail: shan.yu@nlpr.ia.ac.cn; yqzhang@genetics.ac.cn

2021-02-25 Wk, 2021-05-05 &[], 2021-05-06 $H232, 2021-05-07 M4 RR K& %
[E R &1 RI(2017YFA0105203, 2019YFA070710). [EIFR F AR #3E4:(31921002, 31830036). Jbat iRl RZE 51 £:(Z21811000015180010)
I R B 4 ST R LI (XDBS 1020100) % BY

RE 20MLZNTAFARALE ARARS T ENLREL G TWREET T s WAT AR S KA. B
RAMBCHEELENRR, TR ELHERIDTHFARLRNEE. LER, WERRWERE REBTH
FHRERTHONE, “HEAAF X -FAFREER K. TEOVFNLE. ZE2MEAERERE LS
Mo AT A T 8. AT AT AFWR R E A G RHATT AAREEL, NMETATERHEAA
FToHWATH AT EARB A TR Z. WSk, EXIEAT A FAEAT N o B AL BEAT Ao 20 #0K R 15
WP o7 T B R HEAT T BRI, AT T B BT URT E IE e Bk B S LR, AL M AT MRS R, DLBOM S AR MR

T I R 45 R R AR 5

Rl AT, AT, WWEATNE, LA, EFEN

FERRIA AL [ B TS A RS AR
G EAEERIAT R, WAT AR R SRR AR R T
Ak X ARSI, RS T e G, T
TR NERG T RERY R, T LR G MAT R o b 28
NG RE R B EE Y T B

KRG, ShAT R AE DA Ak o 72 rh 22 31 35
B eeny g, LT A HAE e e, I BRI
11 REAE RIS AR B R e R ok, 1 4Rtk
AT LS5 AT AR 202047 A 2= i oe iy

RS RS T BT R, 1T R KR
WRINWIE AR P ARG T AR, R W50
WAt R 2 o S ) A Qe 1 % Tinbergen.  Lorenz Al

von Frisch KX s MA SREHAT T A A GIHERFY
T3R5 19734 B3 DL /R A Bi2£ 5 B2 24 Tinbergen''7F
AReAT A BIBESE b4 T 5T 0 (signal - stimulus) )
RIS, K IRV RS Ak 5 —AE R R R SR I RE & S 5 Y
170, FHUERIBE S B 20 SO — RS S I, 51k
THES MR TR, M B, Al S KRR R
B S EFT R 1SS 0. von Frisch® % B, 14 (A] 17
E— PR B2 TR, AR IR AE 5 i B R 5
B M8 I —Ab B YRR, SR R 5 R Hh ) e U
HWFAT R B (round dance)5#E & £ (waggle
dance). [AFFRFIREEGAENIT, FARFRNDE(LEE
TS e SR B B M5 B, BEVRIE B, BBk
il A, 47 EBiE (imprinting) & Lorenz!™ & 1A —

SRS A, AR, SRk, THEEAT =R . Rl R, 2021, 66: 3799-3810
Ren W, Yu S, Zhang Y Q. Progress on Computational Ethology (in Chinese). Chin Sci Bull, 2021, 66: 3799-3810, doi: 10.1360/TB-2021-0213

© 2021 (pIEREE) bt

www.scichina.com  csb.scichina.com


https://doi.org/10.1360/TB-2021-0213
http://《中国科学》杂志社
http://www.scichina.com
http://csb.scichina.com
http://crossmark.crossref.org/dialog/?doi=10.1360/TB-2021-0213&amp;domain=pdf&amp;date_stamp=2021-06-19

A% b & 20215108 665 304

Fhshyze 21470, ENEZ AR R BRI B, B
— AN 2R S AU . EEVE R — BUR AR AR X
AR FFLARERR MAT HEMT. [ Lorenz 4R i T 4R
175 & AL (innate releasing mechanism): zfj47) HA5 F- 464
KAER SOV RE ST, — HBEVREE I, w4 AH N
[ ASRESZ M. Tinbergen” 5 Simmons#lYoung A K3
Yyiz sh BA XA R, X R R AT Y
AFER b, BT R 2 5 s SR AN R 41 G 7
KUTE I 2R, 1A G 3 AH B E A A
L2 BT RS, SR A BAER, AR
SEAETERYS Y. 7 K3 (ethogram) b R IEHE R B4~
TR— 23047 R, BT T sh iR E AT R dn e
FH T BB R T 20 B 1.

YT R T — SRR R I T AR S
DHEEMEAT B RO R, X —SUIF AR T — RS
AT R S, TR — A T AT A L g g
FF XTSI T R R FIFSY. R O TR S
A5 DI BEAR S i S A5 AT, G2 2 e
FHRAEE R R ™. B IR R R B T2 )
SIHLAY A [, R Rt — R AT R HN f
HALH R, sk sl 7 2 #E S (drive  satisfac-
tion)!" HITA 41 i K1 385 (cognitive  maps)!' 4. BKZ 1
RIS, 1TTRR A S B RS 2 A Re A
SER B 7 (SRR S 5 1T 1 B RICR 2 AR
TN BTSN R, Sl 0 R G 38 o % BB A 2
T, B ARG PR ST o AR A
HAPHERIBR 52 MACH R edh, i E T
AN TR S Y AR A AT A5 A Al o A T oA R IS
RO &, e ek e g s ok
R YIANAR . F2 IR SE Z R IEL.

BEAR RIS AT e sl B SRR RN SR
KR AT TR 2 A MR &I, HRRh 7L
A& AR AR AT g LA 6l %
P AT, R el Rl |2 Ve, shetT
RAEFFAEZS [H] (feature  space)® & ELA = 4 1 & Pk,
AL B R R WU SR AR R B2 i L
TR IERFFRAMEE ] S 5 Pk, 5 R i, i
A5 BT T B

R T RO F RS T SR R R, SE g
RS AT Y SE g Ar i, SCI g R A v k.
Colgan'"" 3 5§ 2l 3T 58 28 MB35 2 A i >
YA Z AT R 25 5. Skinner' VSIS T HE S

3800

SRR, E IR T R E AT S5 S Ak
ZIBIAT R RAFTE U NI 22 5. (H X 2B A TR T 52 1 )
R ARG 51 0 235 SR 1) 3 Ry 4 QA e A B S 5 45 2R
Y —SE. Sl SRR R 2 TR L Y, HUAETT
JEZBRINAT R, — LS u A 75 2% sy AT K
Yk, X BERREAN A Ry A Y11 25 [RIRE 25 45 S 6 45 Sty ok
22, A X 3 X 1 57 1) S S0 5040 A4 o A 0T
A, AREAz I R WS Wy pAT o 50 BIARES.
114547 A% (Computational Ethology)Zt i 204F 1)
K55t 5 R 22 R EAL (R, THEAT R
Booe . TREE THRNUR A 5 3h AT o 2 R B 58 SRl
HEER, B s HA TR X & M4, s
BN EERAEmIF S L S B /K o & WU N By a3 IR
SERMPL TR AT 2 R BIAT R ST AR
THRRRY T TR, N TR REAEIX AR 1 ERERLIT A
KNI BE R PR AR, LS Sk A L 2
A EFRAL BURRG]. ARE TR E R RS
SE ok 2 B PF RN TR BB AR Sh A7 2k
17 BB BT, I8 R A BT R,
THRAT AW M) FEH ARG VB AR S
H AT R RBIEOR. ShWB R EoR M A 21 T DR
W& 732 S S SR BRI A 1) 805 BRI H 3TN
PUNFAR R K 2 3 1 I SHAMARAT S 1 3 B B HEAA
T3R50, LAKA—Fh sl a9 4T S U 28 4 R 3
ZRhYiaT . B ST RN AL g T 4
AR, AFEA B BHAR G I R AR, NEHIH
FHEYA W 73 R HOR B 5 3 A Je ) T B SRR R,

35+

\;/I_|\l [ T [N N T TR T N T | 11

0200‘1 2004 2008 2012 2016 2020
RERED

1 (28RS () PubMed B B2 P LA “TH 3T 2 St i) £ 360

e B AR IE 204 SCH A B0, I GETTLI200 145 134T 240

P B 5

Figure 1 (Color online) Number of publications over the last 20 years

recorded in PubMed with the keyword: Computational Ethology. The
outset of Computational Ethology is the year of 20017
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Table 1 Overview of deep learning tools for animal pose estimation
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Figure 2 (Color online) A pipeline for the collection and analysis of behavioral data. (a) Multi-view synchronized cameras capture animal motion, and
acquired videos are used for 3D pose reconstruction; (b) marker-based tracking and markerless tracking are both applied in animal pose estimation.
Markerless tracking based on deep learning is able to automatically track body parts; (c) triangulation of 2D position of body parts from multi-view
synchronized videos produce 3D position of body parts after camera calibration; (d) dimensionality reduction which facilitates visualization and
calculation™; (e) clustering analysis or classification analysis on data features after module segmentation (motion modules are identified by different
colors); (f) trajectories of animal motion modules produced by dimensionality reduction and clustering analysis[GO]; (g) behavior is a stereotyped
sequence of motion modules along the time series[ﬁ]; (h) transition between behavior modules according to time series of behavior modules
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Figure 3 (Color online) Advances in the analysis of automated behavior recognition over the past 20 years. Supervised classification and unsupervised
clustering in behavior recognition. Advances in the application of supervised classification: In 2000, feed-forward neural network was used by Rousseau
et al” in classification of rat behavior. In 2010, hidden Markov model support vector machine was used by Jhuang et al™ in home-cage behavioral
phenotyping of mice. In 2012, Adaboost classifier was used by Burgos-Artizzu et al.®1'in mouse social behavior recognition. In 2013, Gentleboost
classifier was used by Kabra et al.l%! in classification of individual and social behavior for different organisms, including mice and adult and larval
Drosophila. Advances in the application of unsupervised clustering: In 2015, auto-regressive hidden Markov model was used by Wiltschko et alVin

mouse naturalistic behavior analysis in open field. In 2020, affinity propagation clustering was used by Mearns et al. to deconstruct hunting behavior

of zebrafish
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Animal behavior, mostly controlled by the central brain, has been studied in natural environments and controlled laboratory
settings. In the early 20th century, researchers studied behavior in natural environments to reveal how it is built from
components and organized over time in response to stimuli. In the laboratory settings, researchers study the ability of brain
to generate behaviors in response to rewards and punishments. However, there are limitations in quantifying animal
behaviors in these two approaches. Recent advances and breakthroughs in computer science provide an important
opportunity for overcoming these limitations of behavioral studies.

In this review, we focus on an emerging new discipline called “Computational Ethology”, which uses a wide variety of
techniques, including computer vision and machine learning, to measure and analyze the patterns of animal behaviors.
Computational Ethology allows quantitative analyses of animal behaviors with high efficiency, and has made significant
progress in recent years towards a better understanding of behaviors as well as their underlying neural mechanism.

Over the last decade, with the application of artificial intelligence in animal behavior study, numerous methods have been
developed to automatically quantify animal behavior, including automatic tracking of movements. Classical computer
vision methods estimate centroids and ellipses of animals, which reflect the locomotion and orientation, respectively. This
estimation was then extended to multiple animals. Nevertheless, non-locomotion information of animal pose cannot be
reliably captured. To solve this problem, deep learning-based pose estimation of behaviors in the laboratory setting has
been developed for various animal species.

In this review, we present a pipeline of collecting and analyzing behavioral data. High-dimensional raw behavioral data
are first subjected to dimension reduction. The low-dimensional data are then segmented and analyzed by supervised
classification or unsupervised clustering in order to produce behavioral modules. After this, transition probabilities
between behavioral modules over time are calculated to elucidate the pattern of behaviors. We also review the application
of artificial intelligence to analyze behaviors for diagnosing and evaluating neuropsychiatric diseases and discuss the
opportunities and challenges in Computational Ethology.

Computational Ethology, a result of substantial interdisciplinary research of neuroscience, psychology, physics,
computer science, and ethology has great potential towards a deeper understanding of the nature of animal behaviors.
Nevertheless, it is still in its infancy and many questions remain to be explored. This review provides a summary as well as
a reference resource for this new yet rapidly advancing discipline. We hope that this review will be informative and useful
for a wide interdisciplinary scientific community studying animal behaviors and artificial intelligence.

animal behavior, artificial intelligence, Computational Ethology, pose estimation, machine learning
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