Plant phenomics: history, present status and challenges
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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 systems, Internet of Things (IoT) based
distributed platforms, automatic deep phenotyping systems, and large-scale aerial
phenotyping, together with their advantages and disadvantages during the applications. In
order to extract 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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1 EYRBHAZEREMR S (A concise history of plant phenomics research)

e m R EESUR S, R (phenotype) —REfREV)/MNMASEEAR, fERFE &M (WK
WA A KBS TR BT W2 TR RHIE . B2 PR TUME S i P PF 22 s % 22 K
Wilhelm Johannsen 7£ 1911 SE4& i, M A NAEYMARI R ZILF T (genotype, BIAEDIASHf%L
M) AR (environmental factors) H RS H LS. JERIALE RIS LLIRIEM A A,
MR 5 2RI SRR LLE I AN 240, 20 et 90 G4, FEEFREN . FERRE =Y M
BRBAL R AT AL R, 52 B ST 74 fi X AT S FAE W) Si it 2% % X Nicholas Schork
FIIERIER 7T (disease research) i@ | 52K H =AY MR A 2H % (Phenomics) R
Rl Bk, EFxE AN iR — B R VR BRI FIF 2 3 1 32 e3ER), IR & e ik
AW ) — A 4y 3,

TEMEPF TR, R FIGT 20 thad R, HAZ ORI S &, ol HE IR EE,
P B A M R B A PR 5542 B (genotype-by-environment interactions, GXE) 5= . Ji
B PUESEM SRR BRI M T R, R B BN T T PR A A TH R 2
EHES, RE e b A 2L R A S PO R 8, R H S I BR SE R AN T VAR &% 10 4 (A
PR TR EEL, 2011 4, KR WAEY R ST (Australian Plant Phenomics
Facility, CSIRO) fH#%:Z Robert Furbank 7£ & £5 047 i F R F AR KSR L, R T #
AR SOSN8, ARG 2R P EA SR 2 E RS 18 B R H 8] il
FR P R 22 RN S B R T R B R AT Y, N P e e R, S AR 2 THA R AR 7 L



MU R T — RV EdEE. SR ERM TR, W& 7515 (environmental sensor) . JEfR
A4 (non-invasive imaging)  HJ ik (reflectance spectroscopy ) ~ AL #F A+ AR
(robotics) « HLEHH (computer vision) Fl & HEEAIMK AL (high-content screening) %5
AR AR,

EIRECR TR B R TR B A . VR PR R B IR S AR 5K
Jose Luis Araus T 2012 4FAEXT P AR 2k DR 2H 15 16 A0 vyl 3 R 2H 5 R R it 98 5 82 s 4
e REEAZEANEYE M LB T, B LR SO R R R FORSFE . 8 E AN
(31, 3 [ 3 ) S A8 M 37K 2% Maricopa i 50 FP O FIVEYI A BE2A K Jeffrey White A58 76 5 [ bR &
KANFZH R AL (CIMMYT) /NEATEZ 5K Matthew Reynolds 73l 24 T E T KF/NEE
Fob e B P ) EH RIS R AR AR AR B 0 M 7% (phenotypic analysis) 13, SAjitf5 i HH [A] 3=
RIWF TR, THPPHELE . 3X — B A ) % 9 R B H R AR el i LA HES), o rp 35 44 1 24 s 4l
LemnaTec & [ &IEE S NEYERRT S RS (Scanalyzer HTS) . Z RGO 2 MH
T WS I AT IR R A ASRAE , WO AT ETF (drabidopsis thaliana) FERIRL (1) 7Y
72 5RO 58 AR RN, Jl i B AR R S R AL BT K R i U, R R AN [ AR 2 A
T EREANEKERSHA BRI IS0 HAR LS 2 1= AR A G 5
7., PSI /A& (Photon Systems Instruments) F¥ PlantScreen™ #%:, FEH T EIFMBIE
(Pisum sativum L.) ZEFEYI A -4 28 96 4G A & 219200

FALL 2 (P R R Rk R 2 BRI R BRI B S 20 tHAD 90 SEARHIR A IE DR 2 Y
A (genotyping) KR EELIEA AL, RAHZE —DE RO, HERZ O, IR
ERIARHEIE S T/ E AR IFENRIFE R Gt 5 ORI SR AR I &5 3k [5) ik 5 3%
RU220 0 R, BEASR KL MIREY) o T i8HE B A% 5K Susan McCouch T 2013 4F#H T F—4R3%
TURF 7T (next-generation phenotyping) FIMESZY. i\ AR B H B 7 8 5 & o 25 0% B 1A 1%
(high-resolution linkage mapping) . &3I4 KHEL (genome-wide association studies) FlAE[H]
HIEFERA (genomic selection models) ZFHIARREH LG i B 7R KR A 0 B R G0KKS
WRAE S, BT, AL, KENE, T4, HEMYMEZH R 5 e L 22k
fite MbJE, ZABO7THEYEEAE T BB 4R T RS R B 2= )0 FE SRS, RIA
L\ ) 30 A 2 T SR A A DGR (R B AR (traits) B B R SR B L B4R R 4%
R B ML AL S 5 B9 2E K ThAE (gene functions) FRAME R EE Al P 38 SRR,

KA RAR R HZHAR TR K EEUE 1 2EAl. Tk, T HoREZ N
TRV IR 2 30 75 LA s R AR I &, AR 22 thE SR TSR B LAL AT 57 3o 78 213 ik v
SEOG . B BT AN S R )RR A S B v ) g e U, b an [ BRAE AR P4 (International Plant
Phenotyping Network) F=J& . {&[E JUH A B 78 O I % KX Ulrich Schurr £H40@E & 7@t
A P 4 ) VR PRI T 3 AR B ARAEEWA S A0 B Bl B R AT S, kA
K11 David Rousseau FIHE[E 1 T IR Tony Pridmore MUTSHAUAR LM 247 1A
B BEUE BT LI e AT 8 MR B 43 B rh i R R A0 8 [ I R A5 SR B 98 H 0 ) Hanno
Scharr 2T il & G W AR TS T SR A e vk 7 sUR e i 777 (B S A Je 2%
HEYEAE SEYEY ST (IPKD T 18% 522K Thomas Altmann MAEA)SZI0 T L H
KA T 2 N AR AL A S A 1R 8 FH 37 5,

2017 4, HETHFEHMRMIFARE, EEEYRN S FRE . 2% E E SO 5 R
(INRA) 1EWAEPEAZ2~SK Francois Tardieu F1iE | MUK ZAAEY) 242K Malcolm Bennett 3[4
BT Z2ZREMHAM I (Multi-scale Phenomics) FIFIAEE . il f1Fg Hi 2 84 28 AfF 70 40 1E 7 8F
A=W BB B AT = N AR BRI 7L A AR ) B PR ORI IS R S A oA e X
(AR5 R O T — DR BSOS Rl Rt 54507 B R A2 44  (allelic variants) FIER
Ei¥zti| (environment control) K% AHICINENA VIR, RAG S ar it B B A 3 A1 2D S 54 e
fiR X — A B 1R T A B PR AR B e R B A A SRR A S T R
— ARV BE#E . SRS EWIAE B BRAURAAL 2 R (& SR B AT REER 1, [ T2 5EE A
BRI RE SR EE AR AR RIS L 5l 2 R A R A AT 4k, BHIE 5138 75 Bt 48 1) 4t
TR BT KB AR s 36 20 52 4= 8 A B Bk B (data annotation)  FrifE



fk (data calibration) F1{7f# (data storage) FTREEMIEIRLERY; T AL (ontology) HEAT
BRI AL SBY, SINEHTFINLES 2% 2] (machine learning) . VAFE* 2] (deep learning) %5
N T#f¢ (artificial intelligence) 75K 2 4R HH4E (multi-dimensional phenotypic
datasets) U2; BRI AEEUA] 5E M IREFIE(S B (feature extraction of phenotypic information) , #x
LYZPRA B AV AR RS bR R 0] @
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Fig. 1 The strategy of plant phenomics research

2 ZRRBEREEARMBIEBEITHTEE (Multi-scale plant phenotyping and

phenotypic analysis)

WA Z JZ IR REEFR T DRI 2 Y R AR5, B A 7 = WU T s
SERIVER, DR RS E . nTEEMNENFLE R BN E R H AT &, REFR
EHARKRBOT 0 AFR. A8 Fak. HASer iy, RESEHINESMETE G SiEhiE. B
FMASE G LR SAR 65 B 2 fs, e B 4E a5 B2t 7T e A g 5RO R = 2R
T SURE A J 55 S 6 25 A3 R B 22 J2 AR DR B 6 T LA A 3 i T DA% H )45 A
[F) 7 (B RO AT VR Y i, S8 T AN EEIRIBE T H bR B4E: I8 38 = 4RO 8 AX
(PlantEye™) [ Phenospex HI[AJZR A SR LR /N E T %2R & (near isogenic lines) [
KRERHE, HTHLE 5 ) BE KRB & A i A 2F R Y SeedGerm R4, HT-#3)
W (T MEMEMEIET S A 33 i 2 AR K R IR FR R Leaf-GPP,
EFBMEAR (ToT) W44 XL MEP IR M F & CropQuant™. & FH H [a] & B HL 3% A
CropQuant-Robot. & =@ &M EE AT & AirSurf 55,
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Fig. 2 Multi-scale Crop Phenotyping Platforms at Norwich Research Park, UK

IR, BRI R 2R IR TR — MR EE ARG Flhn, ok
SR R R S L [R) JT R ve E  EE N KRE R AL (High-throughput Rice Phenotyping
Facility, HRPF) P, fH[H IPK AL KSR Rl 2 b — i it K 2T LemnaTec R4
W EAEY A R T2 RN RGN AR EA AL & I H AR R EOR

2.1 BRTFHTEBHFERB AR (Aerial plant phenotyping)

ETME MG RBEEAR —RIAETE. WM. BEAVL. FE &8 LA AL
(unmanned aerial vehicle, UAV)& YAT &£ 2840 e 72 6 5 08 B AR K HEAT R RIUASE I [A) 5=
BURAE . RN S 3R B R AT DLLEJL B 8] P 6T 22 A1 HE TA) S B s b AT BORE - i DAIR SRR I8
BN H T R IBAEY) & FAIAR B 9256 . than, TR RN CRES 9 T A R
i PEE FE ) () A AR A s A% 22 5 s 5O S BN EL LA S -0 B 2 AT (%) ) /N XA
g J2 il R AN AR A L % 2 T0 AU [ 5 3 /N B RO FH T SREUAS [R5 o5 1) ek 2 25 1
AL EEF B

A RMEARAIL M 5 Tk il , H 2 R i T /AT 280 J2h 1 1 A B
K, BEARTEMENRES, DLRIT @R R &R 3T BT i b A0 5 A5 A B A
gt , WFFCN R A] Lhgs & Bk ENL 240 (global positioning system, GPS) F1Jc AWLEAAGAE
SORG) RS H B9 1% K (orthomosaic map) UV, DLt iHS - Hr MY & &5 R A6 & 1F H
B, i JUAE, —S B E ANl (A0 KEER) DIT RF10) T ] LAHE EAN A AF X B 1 5 i
A GAENL (Red-Green-Blue, RGB) FIMPOLTFEEL (LIDAR) , @it B i % LR ) =4k
m.zs (point clouds) FRFFHA ) i AN AR KR BIHAE . £l o AHURIE & B C LIS E A A TE
161 (multispectral) « =G Chyperspectral) Fl# a4 (thermal imaging) & tH#1%
L B0 AR A Z IR AR S IR RGN 2R B 55D 1 Rk B SR el

AL SR BRI Eid & . KRS RORE X 8 5 (1) SIS 6 Fl A S8 R 1 A X TR AR e R 2 R 1K
FUBTH R BRI RS . (2, IXIUHEOR TR EAEAIN R B R AFE T AT A XUIARE
Ko ORGEIEHEEACT 35 kmeh™) , AREAERN. K. o ZRE FRl2mTREEAR,
WEE) EIHNFIBIT. Mk, BOREER & x JI E E R AR &y, ANEI (A BRI &S B
Al e IR B 22 o XL [RIZR 520 1 IR AE B A 0N o & PR 2R DS SR B 04



FIESEPEAN AT SEVE . AR A0, T S EHTEERA R IBOR LR, 24
ARAES SRR TE T B R RS A AE — B AT E V. BeAh, HFEHS AR 4 52
B4 T RHIE RAE AR A IOR 5 SR B AL 7 A B AR B AR RS, DRk, 725 A i
AR EORIS N = I OL ST A S w47 10 i S0t b 7 2=

2.2 HEIZSIFIE EREFE (Ground-based phenotyping platforms)

FH 18] #% 2 32 0 1 & 38 5 F08 045 244 i 235 B0 B A A B 2250 1 5 T i 2 1) 42 38R R4 &
Gi. BN, FEHERHL ERREUE RS (R EIRGHIFEOLIE EHERA0 5T DAL SR
Bah N ERERIF W, BRI N AT DL 1 1 o H 7] 2 2 3% B SR =0k AR
FIARAVEYUS)s FEAR B 250 128 o FF T AR 3l K L %5 ARG . Iz N T SRl &t FH 8] A Ak 5
ANX I 2 Sk B i A B B AU T DA LD AMEN AR A ) LiDAR AHBLE
SR HH [) % Y £ 0L,

3R R38R Y7 6 1) B K 1) 02 A S 2 RS E AN 04 T AL B . bl T A (R A I 4
(sensor group) TEAN[FISEEG s ANPRIE 260 T B 22 AR K, R4 I A% A R ARIE 22 X 380804 (1)
ALEEMEA A L R AR — TR BT SS . G5 7 B A AR KR R AR AN ] M ) A
VEP UG AL B B, SRR B A A s o yo s Canmeh ] 2 TR A AR A 245 25k
W) o AMERRB A ML E RS RR, CEBHINGA =LA ik
1Eo Rk, ZEFERBIEARRM AR & &, SEPRR A A 5 2 BRI,

MLEE N AR BEMLAR N 0 & 0T DATE — @ F2 8 b e —HoR bl g, %857
ANRIL BT T4 H BH LA B 24 GPS RS HAE M sk A3 E K Ik e ir,
BERTHAL AL K ER T ML AR AT DLSE il — e 3 R R R AT 5. ARG 24
(11187 25 L2 N OB FH K 23 A 881 285 A 8 Rl b () S AN e8], ax 2688 3l SR Y ML 28 N B
FCA H A SR AR K R HTT 7 AL R TIR R EHIE R N RS, A3 [FH ) &2 X
DLYEHE IS (8] N SE R R A e . 22 b s SR SR . LR an 7E 78 3 0t B 2 B HE (R fE 25 IR Canther
extrusion) (3R, ZEAHWRA GER R ARTFBOREBNRIMEIR . Bah B M A, E#EE
TE A5 BIR AR R A ) S 3T A

N T RN N RGO HRERG, B s s B IE LA =40t 246
Tl B8 v T S A SRS DR 2R A3 X ) 3 28 MR T 65 AE el J LR R S 21 TR e . Hodp
EL 3 4 10 R G TR 2L B HE T 2% F% (ETH Ziirich) ) Field Phenotyping Platform (FIP) "%,
Phenospex /& ] Field Scanner P*F1 LimnaTec /A 7] 1) Field Scanalyzer V- 5%, g/ il f2 %
FR GO0 ] 58 B AR BN XTI R 2080 (—RER 8~12 0O SR, AR
RUHAET & 0] LU Zh P10 Sks BE IS A, X RER XA R YR B HOR (deep plant
phenotyping) P, TR, FEE K359 (Rothamsted Research) « V454E 75 BHIFBE (406
Gighrhoty (John Innes Centre) AlJE/RIHHFFLH 0> (Earlham Institute) . 77 Z2HEEFIEE T
Pt EE M) Maricopa BFFLH G B RN K FAEY) R B H 220 78 O S AR 1 1 I RR Y
&, AFFRAEYA KRG BAESE G M H 52 RS H A R AR . ARl TXRRS
TEGER], SRR By (BOTET AR AR TR TD , [N FEE— X H]
AP 2 2E . W, 1817 RIEAE I LR SR, R I & — IR 2 Hh i
IR E PP FRIETE A 1 H, HEPUERRET 6 25000 2 MR SR RS,
EL 2 MNEOCAAE R TS RIS o R4, e & R SRS RS, B
fath 2, BT RBPUE R AT 618 5 K EE LT T BRI A R 78 iR 42 . HHR o BRI AR
a3, BARCTEDI A EDN B & HRPERORGT, Bt ARSI 7 BN AR % B R ] 1 & A
IR ) IR R AN AR .

2. 3 HEFFFMMmAFK RS (Handheld and distributed phenotyping
devices)

/NI TR £ R v ()R R A R AR RSP I SR A B OO PR 1 R I aliAS . 45l
wi, A A AR LA = g R, AT LLEE 5E YR Copen source) [FIZ BN TR Z &5 AR



(Structure from Motion, STMD I Z M SSZAAMHHAR (Multi-View Stereo, MVS) XJ4(1-1#
T EUR T VI THE A I = 4E B @O T SAARAENIZEE (Stereo Imaging Rig) AT AKX =
Y5t JZ A 23 [ SR AT o AP e e B TR LA E AR H i T DU LA R
AL R T — LA M B $ (normalized difference vegetation index, NDVI) D% 7E/NRF
R PR AR (LED) « 0 WL JL 4T & 28 55 ] DL & THE YR 5 e A 3R 3L
RESEREE S,

FHRR A B PSR N TR AR s . o8 7 3REGR R . 1) 2 R B
8, ZERTEEE T3 7 AR A G R RAE X IR, SR 5 18 H A 3 A R e A DL k4

AR RN BATRHRRURSEEE R SHE, ENHERA S AEMAHEARE AR
HATHAE . PR, N0 AR I8 B — AN, T L ERAE 0 ZIUE A AR v A B R SR 52 R
KREATS o

ERXTEARE AR . ZHh A, FRAEAG IR AR AETR 5K, i AR UK A AR A S IR 4 A 2
EERKFHERMBENTFEHEESFIHEEI. ki, FEF I 4F3 i B4 Copen
hardware design) [NZAGFAL, BIHALAT AL, 8 H)IE AL IS AT I FH ] /N8 TA oK 58 s/

X BIEY A K R A 3% (micro-environment ) I &0, @it i@ H 4> 4 L 26k %5 (general
packet radio service, GPRS) ¥ L4k il (radio transmission) HEHIEA, BILASERZE H A
A TR FIAR IR0 AR A2 MR A AR AR B BE A b, AR Rk T s H (]
J4%545 (Open Field Server, OpenFS) , Fidid W% 2 Ik 55>k SEIATAE Y EAN [R5 T (1)
mgg[éz]o

XRFARCEFE 7 HTTHE S g B v 4E AR 7T B K B 5T ToT HAR I 4040 A
YRI5 CropQuantt”, # I HHR FEAK (Ui AF)R FLK, Raspberry Pi Computers, {3
JERERE) Galileo R KRS Z M RA A TG A, X HEAUEM LIEE S (5K
AR BATIESNE . {8 ZOF R UG A T DAshAsda 0 A E R S in i (an
MRIEAFDCHR A B Sh B SAG B ,  [FIRHAE (A o] DU A 5E T Python B 4 7 A
(315% 56 BT R L 04, AT SEEUVED) A AR B oG R sl i . R AR R AL T .

T A B LA A2 TC R IE FC 2% ) nT 2l 3 R [ R X 4% (expandable mesh network)
DRl 1 22 1 (R A0 AR R BN A R 3 vl o 22 TRl B0 X ELG Se e fiE . )i, 1HRIR
FIAEEEHE 0] LA 2 N U2 e 4% (embedded neural network) BEATHLER2->], PSR
AT IR A AR BAE . 24 BO/EY) H R 308 7R /T F TR A KR Y () 2, Tt A [
EVD A BB [ AR 225, SR B EYIRS I BARL A P R BRI R . (EAFHE
()52, HHTE) 4347 2 BB AR T I % 32 22 1] A2 0 ] 58 RO RS FE () TAR B (AR = . 2de. 18
1T e B R EE 256 53 HT

2. 4 REVHABIRMYT (Phenotypic analysis)

W ERrR, o (o E A A e AR R &) s (. H
Fe5h. FRARM NS FIRMARS, WAIEREE B (8] s ST (8] B A SR EURTE AN 2B R
PIPEIR R i R AR AT S . 2810, W SR REAE & 2R 3R AR AR BRI B A (3
Jifl 51, terabytes data) AL AWFF N o] LER MR A5 S (BT #3511, kilobytes
data) , LI RAM AFERIH AR TG EALIRE . Fik, HdEmir R AR
Fp ) B LR AN T

T 3R A F P ds 1 T MG . AR B B SR e B S 2 R A, DR B
FEAT SEPRER TG 1 N IO KA B B A A AT (PN FE . B 3 o 1 H () 3R 2 9 &5 B
PIEAR ENTIA T, o AR AR, BRSNS i =35 . (AR RER T, TEHLE
B SIG p5RE A SIS T VA TR A TAL B, BRI AR B ML . B A HE AN 2 S0 B RS X
IOUE (cross reference) o EHRMESIATH, FTEFHENBESRYEE .. R AR, L&
TEAE A oCE e ) 2 BHARE RS, DI R R 2 4R A ER4E . W AE AT ER
T, WEAFEMITE R AT EDL (data visualisation) , FISVEIRTEA [F 52562644 T X
b, GxE ZNEEAESHT, AERTUMERAL, DL AR 5 SEFRYEIR 2 18] 1 22 57 2 i R 23 Hr 46
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Fig. 3 The analytic procedure in plant phenomics research, including multi-scale field
phenotyping, multi-dimensional data integration, and phenotypic analysis

BEE SR EN R BUR A ERINLAS 2 2] 7028 512 (classification methods) £
AR AR RO, Y 2 BRI A AR T &R BB T E KA (analysis pipeline
software) , XTAEMI K/, TEAR. AK S FEHE RT3 —
FBCEE X E B R R B AT AT S T v, R AR MR Tz R o 38 I {8 IR R
OpenCV!®), SciKit-Image!®!, Scikit-Learn®'F1 TensorFlow! %5 ¥ T % I E 5h 4k 2 54 73 7 97
T2, A B R R 2EHE T BT AE SRR IX R T IRRE 75 BT 3 sl T & 1A
AR Jiksh . W R EaRl RS2 R 5, FIkFREZ AR I Z
[ 2R KGR, MK 8, FRE RV & 2 A0 75 B X R 77 1) 5| At 5 i 5 2
B EMHANT, N RIEE R B, Thae FE L s S5 77 H R TR SR EEE AT A 1 i
e

3 ﬁ%ﬁ@éﬁ# B‘J%Q (The future perspective of plant phenomics)

FILH 2 52 TER AN B 2 TR0 S ) OB e 0, 38 0 3R AL 43 A SR Ak SC SR ]
PUAE R AR FR OS2 B I8 TR ()R SR 3. (HA2, WA ER TR AR A bR i fE
W e e R A K 22 SEBR R U o DRA RIASE R — N, AR A& 2= AR i
TCHE R . £ GRS RI N, SR T 77 AR ME X SR EE 4 b s Ak 2 4 3
U, FRECH A B UE R X T A B U R A BN S, XA
7 St EUBAR ) o DRI, SR AL 50 75 SR 0 E b, 78 PR 75 108 5 B 1 R 4 1) R At
F RV AR URL ] B S R RO, AR AR SEBR M . TR E SR A, R
FHRAER T RGN E . W SO R, &REBRE R AR TR 7 HE R E T
1B, TR IEXN AV SH B R A R T ZE R AR B %S 1ERTE . LiRE Fi/F,
IR 5 . AEECE IR & (quantitative trait locus) FI4HT, I8 2B i 25 3 K 2T R 1Y
BRI TERERIT, R B T Bk £ 8% B R, A B AR 2 ) R %5 . A
e, W R B SE T SR B AR A R 5T ORI PRI . O o AT AN AR A R R e e
HH ZEHIEFUI R



RIH 20 BRI e A H S HoAth4H %% (omics research, HIFEHRIZ %, RMAH Y,
R EAMAY. A PSS MRG0, iR e R AL 8 L
B AT A, REARARE R L EAEAFE K B B B sh AR TR BEAT B 47
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