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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 advan-
tages 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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PEH A A WA ) FR R 2 JE R R ( genotype , BIVAE P 4 55t A% 44 B ) FNEABE R 22 (environmental factors) &2
FAE (A A PR R R R AUAT DR 1 P R, T R S 45 2R T S R A5 DL S B AN A AF 1 20 k4
90 AEAR, B BE IR PR 3k 7 W) e 4% 238t A% SCHR M A I 5 0 I T, 5 LI 74 i D~ i A T 2 A A= B ¢
112 % K Nicholas Schork R G TE IR W 5T ( disease research) HP & H T 55 5k [R 2H 27 AH X I 1) 26 U 4 =%
( phenomics ) WES L A, A% ShH A A v — B 2R 5 A ( phenome ) FIF S TG 2 3z et
Il Kk R E T ) — AR

TR TR T 20 2R HAZ O IR ARG B i | ] 5 5 (R PRI | 2 10 2 1 7 A i PR B R PR 45
HAEZLN ( genotype-by-environment interactions , GxE ) A H X} 7= 1 | i 11 §U 300 55 A0 ¢ 1 3 E IR B 2
Mo AT R A R AL R A O ST SR A A T R AR R I B o S R A 2 1
P & | Fe R A Y BE SERI AT 58 05 e i 25 10 ARS8 TH R 5E36 ) ) 2011 48 KA WAL 4
FHIWEFE T (Australian Plant Phenomics Facility , CSIRO ) %27 %% Robert Furbank 7F & 45 73 24 B 3 37 4%
RIFR A EEA b 42 735 24 R AF SO S R, G045 22 BRI v oxsd 7 B AH SC IR ) 22 2 o A D) | i Je%
FARAE P[50 0 v 158 25 A0 DG B AU () il AT AR R e B 1 AR 22 THARBHIE A BA AN
FOU B TF & T — FR 5 il i Sk B R A T H a1 #5845 8 (environmental sensor) 3E 42 AU
(non-invasive imaging) . X 4 &% ( reflectance spectroscopy ) . AL #F A 4% K (robotics ) . AL #% #L % ( computer
vision ) /175 i & 21 B 22 R 07 1% (high-content screening) SR AR A 101

IR AR BRI TR SRR T AR 2012 4R VEBEF L EE D I K FIAED 2E K Jose Luis
Araus PCRCAEY) Hk R 2H e 498 R e 3 o 6 A A1 B R (I B 58 I TS 4 i, RADIREUEE AR 2 A EM B Frd e
B R ERTS T LA B AR R R RORE A, BRARA AR AR 9 [ A SR M 37 K 2 Maricopa
W OAEY R SR Jeffrey White 185 P4 HF [E BR £ K /N 2 R ol (CIMMYT) /N2 4E 322 58 Matthew
Reynolds 735 & &5 T oK F /N 22 & b Jor 4 FH A FE (1) 2 78 R 4 4% R i1 38 84 43 B 7 ¥ (phenotypic
analysis ) "7 S I A P ) AU OT AN T WA AE AR, X — B BT 04 5 P SRALH AR R B B LA Bl
Horp i A0 )8 8 LemnaTec 2 5] ) 5518 2 25 NAE W) 2 B 7 22 58 ( Scanalyzer HTS) , X RS #H)
V2 IO T W R A A v A T A RRAE , A ok LRI ST (Arabidopsis thaliana) 3R78 2% 5 #4758 A5 (K
e 50 g e AR AR T SRR AE AT R 22 X T S RO PR s FEAS [l AR 3 2 AR T % R 2R K el
SRR RIS AT M HAb i 4 B E N R R G384 $ 55 PSI 2 7 (Photon Systems
Instruments ) [} PlantScreen™ 245 , F 5 H TR 5+ M3 5 ( Pisum sativum L.) SEAEY) I 28 28 28 6 L%
I 2100

R YRS 20 122 90 AEAURYHE R 3 BU R ((genotyping ) AWK Y & e HL3E + 73 AR, 3%
RV R i 2 FH T ST NSO W 7 FIARME RS B ST A e 38 5 2l AR W22 R LR
GEvh24 GOMARRE (A T AR A LRI ) R, BRZS SR RS MRS 43 5t A% B AP 5K Susan McCouch
T 2013 4F42 1 T F — 4R F BT ST (next-generation phenotyping) FUHE &)tk S F BB FE 0N 5 5 4
A% Bl A3 (high-resolution linkage mapping ) | 43 K 24 SCIK 43 #7 ( genome-wide association studies ) FI 3
PRI BE AR A (genomic selection models ) 554 AR BB 45+ 30 o HE 37 9 K 1 e 78 43 8 R oG i R AE 52 i) AN
[ R0 A0 HE 28 B R SUEAN R R B B SRRy R[PSS vh e A 22 S st AL 2 kil . IS, 213
JITHE EERIAE ST B A BA LA AR $ T R GE A R A ZH 7 (0 W57 AW R AS BR8240 L 380 0 4 2 T A 4%
FEAHICIR A B PRIR (traits ), B 2 A 2 3R B AH AF 5T B2 O i 7 PR T 45 18 201 BIL AT ( mechanism ) 1 1 B
HEPIIIRE (gene functions ) $& BERERE AP SH5 >

RAVH IR & e Ry R BV 2 HOR A PO R B0 1 BLAt, T4k, i TR B2 A ) PR 2
Bty A R I B, AR 22 11 B TARBHIT LA AR AT S 0 e B8 B35 a0 5 T i f e B s 18 1
R SR A BB A A e 2 T I PRAE 4 R 25 (International Plant Phenotyping Network , IPPN) F2J§ |
PEE A A D58 O IFE ) 22 28 Ulrich Schurr 1000 5 47 P FOUER 1 55 D@ E AR 1 28 N R R AL
FARAEAE YL B AIESE h i R R A AR 1k B B R 2% 11 David Rousseau #1335 T K24 1Y)
Tony Pridmore MM BE A2 T*ﬁ%bjd%\@1%%*}?U&Eﬂ]ﬁ%‘@%§ﬂ%*ﬁtpE/Jm}:ﬁmﬁ[%] H
TR A Ay AL 5T 0B Hanno Scharr J T il i R 0 AT HOR NG 1€ 8RB M i ity X4y
Wiy ikl s 48 [ S A JE 2 s AL 8L 24 SRR ST B (IPK) 1943 T8t {44 5 Thomas Altmann MZE i
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BB AR RN E T EW SRR AR E YRR h i g s

2017 4%, Fe T BB 0 R BT I RV AR ) R B P2 FE Rk [ I AR WS e (INRA) VR
PR 22 S Francois Tardieu F1UE T IR 2ZAEYI 2% K Malcolm Bennett H:[A]#2 H T 22 )2 IR F AL (multi-
scale phenomics) MR AR AR A ATTHE 2 R AR 5T 40Uk IE 7F A — 48 1Y & R B B . Al 5 iy |
HPFRAIBIETE b A 1 L EUGORI AL A B e A A A 3 SU A= W2 R R — A 3R B 2 F e n I
R R X 5 A FE R AR 57 (allelic variants ) FIFRIE 5 ] (environment control ) '8 %8 AH ¢ A9 s A IR
FUR B PR A BCE AL SRR 21 25 A B AR R — AR, ] 1 845 124 [E PR A FER SRAU 4 2
WFFEHERE RS 4 = BV & M G R P 8 3 v A sk AU 28 AR 52 i T AR 4 335 17 T A AR E
P, T BEAE 58 3 MU i 1 e R A R AR AT 19 S A R SR R 1 At | & e AR T B ) g i
ﬁ%ﬁi‘l‘ﬁﬁﬁﬁi%lﬁgﬁ[zg] ,@FH/E%%H‘J?&TE%IEEF&XHL%@@}E%ﬁﬁ?{E*%( data annotation ) N 7%/@’%
(data calibration ) FIFEf# (data storage) ™ 5 3£ F AR (ontology ) HEATELIE BUIEAL B &Y 51 A BB AL
#527 ] (machine learning) FIVREE 5> (deep learning) 55 N T8 g (artificial intelligence ) J7 72X} 22 4 el 4
5 4 ( multi-dimensional phenotypic datasets ) #F 5 43 71 5 i 1fif 25 BUAT 5 B9 MR 45 AE 5 B (feature
extraction of phenotypic information) , Bz 24424 th AT B B A= 22 R, I ok SEBR A B2 ] i ( knowledge

mining) ,

JE R BTG AR
Raw phenotyping B B S BB
datasets Calibrated Phenotypic PEREE
datasets data Bhenotypic O
‘ information Biological
knowledge
SBASTLY LR
LT NSRRI s s\ 4 BEEAM \ s bR (s

Experimental
design

Data collection / Data integration Data analysis / Feature extraction/ Solve scientific

problems
‘ ’

IR Ji

Knowledge mining

PEIRAEHL
Feature extraction

SYBrEEAR
FRRIHA ok D@ mining

Phenotyping tools Pre-processing

1 EYRBAFHRRE
Fig. 1 The strategy of plant phenomics research
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PARZ 2 W R AR AEHAR T LUK IR 2 4EAH ) R B RE 5 , TARCHE A B D7 3k 0 B0 T DA 30 4 4 e
M, LABRAS e AT (5 B TR AR A A5 L RS [ 1 AT & RABDRE AR KEAT 40 8 F
R ONB A3 TR S s 5 ORI 3 N b A Sh AR & T2 BILE DL R A [R) 9000 A4 T A AR F 5 55
P 2078 - b o [ i 4 A B F S8 e AR 5 RO R A AR ) AR LA 22 5 b Rl B S B = U T R 1 2 2
UNEPI RIS 15 T LA AS vy s i A K P ) SN [) 2 ) ROBE EA T VR R B 3y, 5B 1 ARV E R R WFSE
Hibr, HA a4 a8 1 25 48 = 4R 306 g A% ( PlantEyeTM ) Phenospex Hl ] 22 S 5 B4 ] D) S 25 He A /)N
A5 FE R 28 (near isogenic lines) YR B HHE, JE T LA > FIE Y SeedGerm F ¢ AT LR LA Tt A b 1
07 & A ZE R TR s I 4 (A RETFHL) TR I VE D EHGT 51 B TF IR AR Leal-GP W] LA A 8153 H7
ZAE R RIFERR TS AN, A FE T W W A (ToT) #9534 s IHVE Y WS- & CropQuant™ 4
HH [E] 2 BUHLE8 A CropQuant-Robot J% =53 ffiii 25 KR AT F- 5 AirSurf 45

AR, N R L 2 R YGRS b i E B AR Ay, Bian , AR vl R Anag rp Rk e 3t
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[ T 2 %) e i 28 PN 7K e 26 3%l ( high-throughput rice phenotyping facility, HRPF) **) ##[& TPK FI#i 7T
K2 Rl 2 B IR 4 135 T LemnaTec ZREEMY il A A KR 2RI R G AR SOk
HALTHE A K H BVEYRAHR

HTHRER T HURIEE K KRR ENRS T ARERLEA
(SeedGerm) (Leaf-GP) (CropQuant) (CropQuant-Robot)

B2 REEHEFHNEARREANSEMENRETE
Fig. 2 Multi-scale crop phenotyping platforms at Norwich Research Park, UK
2.1 ETFMEHEAREHFA (aerial plant phenotyping)

T A AR R B AR — 87 A TV B THHL . [F 2 BN K ALATJE AL (unmanned aerial
vehicle, UAV) 45 AT 2T LR 18 AR ASOR AT MR FH [B) R AR AR . R fii 28 SR BIH R
TUT{EETIEH PRI 224 1) S 5 Ml DR A7 BORE | T Lok 25 AR T8 i i I T R 7 P A B 1k

B AR RAR AR W TR AS [ 4 0 5 R e PR A R R A gt £ 2 5 AR R I BN BT
*)L%EU”FHTU”' S AT R ] /N DX 2 0 R R I 10 5 45 2500 A ML [ 52 3 /N RLBE T
ARBUR R I 2 1 e I 25 AR A A B

fiizs RASHORLE S 21 5 A b RtV | 2B R ph T KA T 2 R A 1 8 AR T o BOR P &
M LA B B AL I A PERE AR T T ML R IR R AL B (3025 9T N B AT A2 & 4
BRI 255 (global positioning system, GPS) F1JC A HLEZAZ (5 & K A 2 RS 50 1) 15 54 52 18 K] (orthomosaic
map) " RIS T 0 2 R AD G AE Y S LAR 2 Ll i JE AML( IR DIT R51) E
WJ LA B RS MR B (4 55 3 1T UL ( red-green-blue , RGB) HIHLFIE IO 14 ( LIDAR ) |, i ot 31 2 5 2
JE 1 =2k £ (point clouds ) AT AN i B AN A KAV 5 Ll JE ADURIE 2 3 LIS 2N A% ASTE Y
Z61E (multispectral ) | 2 Y65 (hyperspectral ) FIFS G (thermal imaging ) 15 £ 852 31 v FH 21 % 85 Z4EY)
SEE MR (AN AR B IR AN )2 IR 45 ) (i R rh 1

F S SRR Y R R S A X £ (?‘E’J;&BAJ?JZZI-‘—#CH Al 3 T AR AR I T RS [ (1]
RV AR HJ  IX BTG LAEANS R E 1Y KA T SEAT AR AN RE R 5 (X3 AR
T35 km-h™") O RBETERT WK% = 2R (R B2 RAMR I TR ) 00 it s, B
TR OIG IR B R AR Ry, AN [ I [] BRI i) PR A5 B 7T BE 23t BOR i i 22 . X BB PR R S 1 iZ 4R
PN b B B i P AR S S (0 S S M AT S L (AR R, i T S R A B
YIECR AW AL A2 RIS G AT b (0 RN, AE A2 — 8 BRI e M . B i A 2
SAREAR 7= A RN T R SR AR BRI S S i A AT 1 i AR S R AR R R, AR
P 3% 2R ST BA I W) T IR e it e ) 592l A5 A4 I B R e O 5%
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2.2 HE#ZHFEERE F A (ground-based phenotyping platforms)

FH [ #5 2 R AU F- 13 308 6 TR UG 20 1 e 2 30 R 420 R BTk e i) L R AR R R Gt il
FEHERIAL b BALIRAS (AR AR ANEOGIE B 0 J5 7T USRI HL SOk 78 2 2 42 4 R AU
B B A AN R AT AR T A B i) 3 e R I e R S R AR AR ) FE A T AR
e AT T LA 2 KAV PRAR , Jinhe AT TR SHe I 8 FH B AR A /s X 253 50 ) 5 sk 2248 [ s kbl
S AT AR AR LT AMHHL RIS BAR A LiDAR AR R ERH i) 2 A58 >0

i F R G 8RB 65 1 f oK 0] 2 A% AR A HE AN UL B . Pl T [ % 84 21 ( sensor group)
FEAN R B IR A5 N 19 28 AR A A St 2 A R IE 22 DX SRS 10 w5 1k A T Ll P 2 A 02—
TR E AT 55 o AR SR A AR A 5 i e SR IOAS [+] M 0 A i) A PR A5 R A SR 5, R ) R A
Kot BT IR0 T A (AN ] 23 [E] A AR A % SR S5 ) o A R BN ANH BN AR A ZR 45
ARG, BRI AA R LA GOREAE . P, E 8RB H AR A & & SR i A B 2 1
BRI

B AN AR TR BEALES A OB T DATE — 8RR 1 s —FAR I ian % S B b A1 5 #r
M4 A shiflds a2 GPS RGEEAE MRS K AR € oL, IR A% B iU LA
T PAGE I — S5 F FUR I R AREAT 5510 A A BEEUR Z0 AT 22 52 14 1 2 LA N 2 8 FH R 43 W7 i
BRI RS RS R MR S L kIR s IR AL A NG5 A )RS Bh A AR R B
i), AHRTCIE R A A 2L N FR G, [ (10 10 A2 e LA A L I TR DAY 5 0 A 3% | 22t T R BSR4
fﬁﬂﬁn ,ﬁﬁ%ﬂi%ﬁcpﬁﬁ%%\ Eﬂlﬁﬂ/‘ﬁ{?%}i% EP;EICEHZ':@%( anther extrusion) , ié\/ﬁﬁﬁﬁ%%ﬁﬁﬁﬁﬂ(%&
e S B S IR B 2l 28 WL A SRR 53 U A )R AR R AR 1) M i A

N TR g N R G EOR GG , T LAEVE IR S8 v d T B0 48 A7 A% v B A I 20 40 = 433
SN 2 B G A AR A ) A T8 2 (] R AL I 5, Horh LU BCE 24 1 R SR IR BRI
PR T 2% B¢ (ETH Ziirich ) i Field Phenotyping Platform ( FIP) "**! Phenospex 2\ & Y Field Scanner'** FI Lim-
naTec 24 HI 1 Field Scanalyzer 755 B30 i P45 22 G0 %o [ 5 £ I H AR B8/ X R4 7 I 1 22 vk
(—MBER 8~ 12 YC) B M IN , PR  RBYBIIE Y- 15 7T LA 30 8 1 o R s AR 3 SRR SR A
TREEAE ) FH AR (deep plant phenotyping) P IT4E | ¥ [# (1) 7% 35 5246 35 ( Rothamsted Research) | i 4
ZI B BE A9 20 B e g .0 (John Innes Centre ) F1E /R BT .0 ( Earlham Institute) | 7322 {H BB R T,
0% L Y Maricopa A58 HC (B B R A AEY) KRB 201 58 b AF R IR X SRR A&, W F
T H RS AE Y AR A RIS B AR A SR A RO Y T ) SR A . I TRXEREHFZE W A & 5t (&
T T JC R AR AR Y ) | IRl N Bl N — S BATE 22 i B AT IR IR 010 A 4R A
AR, PIHX 2P 6 — BRARMETE 22 3 5 19 B & A B 100 H el i g L, B ) BE R B 5 24
5 Z A FARXMECKBEBE, I 2O GATE X R 260N 1Y A 2= SR B | = A A v o AL ) 1R
AR R S A, BT OR B IIE B 508 AR T T A R AR A 5 U P 4 B A
FIHEIRAHT , B2 &6 A SR -7 (intellectural property ) , R BR ) T BHF A B2 AR 5 4% H &)
SRR 5 A3 BT AR R T R BRI
2.3 HIEFHF5HXFELZ%E (handheld and distributed phenotyping devices)

AN TR A T B e T ) R RS R AR TG P Y A b ORI TR AR BB A B4 . S AR AL
N = 2 T A AT A I 5 4 FF R (open source ) 1328 K & 25 ¥ 45 A ( structure from motion , STM) 12 #1L
ST SE AR (multi-view stereo, MVS ) X451 — 4k G 9 A TR P 0 25 1) = 2k i 47 fili I ST 1
FHPLEE & (stereo imaging rig) AL AT = 2 56 2 N as (Rl g5 A gEA T 20 MY sl i e e TR RS ICAS
P P AR 2T AN TR AR SR RS 5 T — AL R 5 2 ( normalized difference vegetation index, NDVI) ™,
TE/NSTFRFB A Th AR IR TS (LED ) FA] WO M 21T A ME I 45 AT AT &5 - 12D A 5O B R0R3 e
SRS

FAPRBURE S (R BB N AR BOA A i o 1 AR e | ] B A SR BB 4 IO T
B A T2 07 ORI R G I 1R AR DX, AR50 20 M P B v AL B R 3 s Bl O T R . AR T
FRIE A F Lo M, EAN R S BA — Y REORE S0y N AT, PRt , AT 6 ) RS
RN T HARAE L AUEARAREAL AR R SE R AL 55
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FEXTERAR A3 | 2 dth i PR UE AL I R ARAE TR 38 1 A MU A AR AR T 1 o A K A K FE
() A - 5 B B EPETT AR B, Lean, BT TP A7 3211 (open hardware design ) VA2 55 HL A5
8 =N YO 8 w1 [ e v el < 9 =5 1 4 e O B S0 7 1 N R R (o 7/ R X IS & 7 7 N
( micro-environment ) A ") 3 3 38 FH 434 IR 55 ( general packet radio service, GPRS) 5% # Jo 4k i i)l
(radio transmission ) MG IS, P LS 22 M A (9 B0 FL G ANAS 5611 L R 2 20 IR AR 1% 128 11
fih I, AR R 2T & T G H B AR 55 %5 (open field server, OpenFS) , 38 i3 W 4% 2 Ak 45 > 52 B0 6 A
PITEAR RIS T I K gE >
X B AR A AL A Y A A A R A T 5T B T K Bk T ToT AR Y 0 A A By 2 B i - 5
CropQuant' ™' | 18 i B4 B ik ( N4 A5 R B i . Raspberry Pi Computers FIFE4F /K 1Y Galileo 2241 i 4% £
AN AS PR AL s %f FH ) A A - 385 B, (A0 R S K i AL ) AT e 2l o, (] T & Y
A A RT L gl 24 ) of P TR A 1) 2 S A1 55k (AR IR A [RGB % A B sl o8 R g Ae =) | [) ik 7 i) T LA
ﬁﬁﬁﬁﬂ: Python [ F IR MG 53 M1 L) ok 58 U 25 14 2 R 43 AT | AT S5 B P 200 4 74 B 10 S S R IR 1 v
| BRI AT, TR AR LA S TC LGS B AR S5 1T EEST AT 3R R X 45 ((expandable mesh
network ) , PR 1H 22 1l s AR A9 A K R BRI A B B aI 24 mTSE d 22 T ARl ) W IR I EL K S i v . R, PEAR
FEREERCHE 7T LA 2 A A 22 T R4 (embedded neural network ) HEATHLES2E 2T | LA 404 A0 F50 0 1
WA K FNIREE BAERON . 224 AR H TRIECE 75 i) TV A KB R ST, S50 AS [ VR 0 5 e AN [])
BB Z ] i A 22 e SR BEVE RSB A BT AR A 7 b RO BEAL TRSRE . (AR HH A2, ) 23 A sUR Y
BT e 1) 2 10 R AT 58 JROR RS FH ) ARl 49 A 7 226 AT (AP B I R B Y 255 0 T o
2.4 REVAHHEM T phenotypic analysis)
TCE 2 T 2 (A P ) o3 A ORI 5 AOR BRI 57 ) i 2 A2 s (s | I A2 2l FHp iR B it
) E’J%Zﬂf{:\?ﬁ JORTTEARF A 114 I 18] BT 1) B A ARSI 5 N 5B 1) M bR e e T S A R AR AR AT 55
SR, AR AN REHE A5 2R AR A H ARSI KA R ( LLBOTAC T 1511, terabytes data) #546 H i 53 A 53
Al LR A9 B ( LABCT- 51T, kilobytes data) | IR JC18 R AT ARE £ AR &5 BB 52 A S PR = L,
WM, S i BT A R B2 2 A 50 v B E AN T T
FAVH R AL 45 AT LRGBS A% I8 B Sl e RiE 55 22 R B 48 | DRI BSOHim e A S5 B A 25 DA e
HIIE I R AR B e 2 A 3 B 0B A B . 81 3 SRR T I R) SR BRI 25 W B A B0 i B B 19, 7T 4k B

BRI RAE BRBBIERS FAVH BRI
Multi-scale field phenotyping Multi-dimensional data integration Phenotypic analysis
PR RS /AR I TCEEE
) ==
© TR
© SRR

e ——
e wle alld

e mmE R (LI SR L) zzmﬁag; LYk .mﬁmtggyg

: TR £ 9 ol E
CEZN L s e R ) it gy ll\mm,b L uJ\u‘”

N e gotes
| s

B, AR B

© AIDGEE

< RIS 20
© A

© WOLES
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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
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