BRI Rtk 2018,41(4) :580-588 hitp : //nauxb.njau.edu.cn ;2 i
Journal of Nanjing Agricultural University DOI:10.7685/jnau.201805100 [ELFI{s:

JEl¥ , Tardieu F, Pridmore T, 4. fAMIREVA 2 KR IVR SB[ T]. BRI K24, 2018,41(4) :580-588.

EMRBAF AR IREHREK
JE56*2*  Francois Tardieu®, Tony Pridmore’ , John Doonan®,Daniel Reynolds®,

Neil Hall®,Simon Griffiths” , #23%" , 2c#s' , T /IR, BA4", THig'

(LR KA Y B R A5 Pty , TE95 B§ 5L 210095 ;2. Earlham Institute, Norwich Research Park , Norwich,
NR4 7UZ,UK;3.University of East Anglia, Norwich Research Park,Norwich, NR4 7TJ, UK ;4.INRA , University of.
Montpellier, LEPSE,2 Place Viala,E34060 Montpellier, France ;5. University of Nottingham , Nottingham ,

NG7 2RD, UK ;6.Aberystwyth University, IBERS, Aberystwyth,SY23 3DA, UK ;7.John Innes
Centre , Norwich Research Park, Norwich,NR4 7UH,UK)

RE :FE BB MSASR BV ERMA T RN AR D RUHALPIRC RS AT RERK B . ACE NS
THEYRBIE % 00k R 8, G HEO BRIk TR YT AL UL R B bR B Rt s . R R
HRBEARBT GINTFHE A FE . BHSCE # RBE I A ST S AL HLESE , AT X SRR T BAEE
SMEYIBTTE R R G SO BRIR A, A T X RARTE ™ A 19 B B B R A R S SR AT B AL AT R R B 51k A
A LR R SRR AW A, A SCEE S TR IR A SR RIS BT A R . Be , 4R R A4 2= B
B SRR, LUK b b E R AR e S A EL

KB RREY; 2R KRB B R OB WM N T8 58 ; g E MRt

hE 53 EE.094;N39 THRERERG A X E 4TS :1000-2030(2018)04-0580-09

Plant phenomics; history , present status and challenges

ZHOU Ji"*** Francois Tardieu®, Tony Pridmore’ , John Doonan®, Daniel Reynolds®,
Neil Hall®, Simon Griffiths” , CHENG Tao',ZHU Yan', WANG Xiu’e' ,JIANG Dong' ,DING Yanfeng'

(1.Plant Phenomics Research Center,Nanjing Agricultural University ,Nanjing 210095, China ;2. Farlham Institute, Norwich Research
Park , Norwich ,NR4 7UZ, UK ;3. University of East Anglia, Norwich Research Park, Norwich,NR4 7TJ,UK;
4.INRA University of Montpellier, LEPSE,2 Place Viala,E34060 Montpellier, France ;
5, University of Nottingham, Nottingham ,NG7 2RD, UK ;6. Aberystwyth University , IBERS, Aberystwyth ,SY23 3DA ,UK;
7.John Innes Cenire ,Norwich Research Park , Norwich, NR4 7UH,UK)

Abstract; With the development of remote sensing,robotics,computer vision and artificial intelligence , plant phenomics research has
been developing rapidly in recent years. Here,we first introduced a concise history of this research domain,including the theoretical
foundation , research methods, biological applications,and the latest progress. Then, we introduced some important indoor and outdoor
phenotyping approaches such as handheld devices, ground-based manual and automated vehicles, robotic sysiems , Intemet of Things
(ToT) based distributed platforms , automatic deep phenotyping systems ,and large-scale aerial phenotyping ,together with their advan-
tages and disadvantages during the applications. In order to exiract meaningful information from big image-and sensor-based datasets
generated by the phenotyping process, we also specified key phenotypic analysis methods and related development procedures.
Finally , we discussed the future perspective of plant phenomics ,with recommendations of how to apply this research field to breeding,
cultivation and agricultural practices in China.
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Fig. 1 The strategy of plant phenomics research
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Fig. 2 Multi-scale crop phenotyping platforms at Norwich Research Park, UK
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2.2 HEBIIERERE TS (ground-based phenotyping platforms)
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2.3 HEFHFMSAXNETRIZE (handheld and distributed phenotyping devices)
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