3 . ~ o Y, .
M43 h /202645 E71% %20 #A: 4865 ~ 4881 ¢ CPERRE) 2o it
Y SEREARERR R EERER SCIENCE CHINA PRESS

CrossMark

& click for updates

TRV G PEROR I 5 e 20 h 5 T 2

AR, Az he T, e, 000 AR, Ak
L W RFEY R G T RS B NREERE, ME5AThRE S drs 2R E AR E, i 310058
2. AR AR GIE AN S SR =, AN 310058

3. WA O B S 5 BHOR T I8 EE, A 310058

1[4 DTk

* KA, E-mail: hycen@zju.edu.cn

2026-04-03 Whs, 2026-05-10 1&[0], 2026-05-27 435%, 2026-05-29 2% R &3

% HEREA. ATBE#AZRGHERITER AN CELREENEMERERNNE —ERFEET L RE .
BERUREERANEL EEET, FURAZRLNNEETT A, EECREETHTER K ESENELSEE
TER I BANE, BIAERBNETFESEMARLEETFRE., 2 FRAAMEHFEER R, NTHEFHEE
., EBEAMRIARERELEER. ETH, AXRZERAT IR bAG. Z£RE. LEARGE. THRERL
B, RS RGEERRBNBEAREEESERA TR, FRET NG/ AR EE . EHhRBFEKTRERELN
FE, WRTAR-TFENNAGEREMBEERR. UM L EZEFHEE. RELERFARER Z G
HAREBOMA, AXRHREBEDREEERNNABERE: Bxam S FTENEBEFREMREERERER,
NELRIEHERE, KEEHEMER, TIBNERBNEE BAREABNNERAFEIZAATEERER K
% #E A A AL B E 3, A4 # 45 4 FAIR(findable, accessible, interoperable, and reusable) )& I 64 3£ = £% 48 | 47 80 “$ 4%
ME A%, ARERELRYH. FREAETHENERALR, RALEEZRIYGETH I SR 2L

FIR G MBEARAZAEMERANTGEE., BEMEN, BREREDERBEEFZABULABSE, WABEFME
HRER IV RBZEOEAEGEL X HE.

Kot EMERBAE, FRERE, FRERIN, ATE#k, HEFEL

SBRAOIE TG AT ATARA B R GEVEDRA. S,
20504 IR A VR 2T F AL, FERERG 4510 1 FF
G, AR AEAte SR TR AR =R T
70%". SRI, T4 BRI AR 1 B4R R
AR T L S I 1) AR e B R H
A Bt S W S SRR ORI, 5L E
5 v R A B M LAY R ARl TR LR & i 3h
DR, UATRRE . KB . WMo R A —
R, NSO A R SRR
i R B e R AL

204718, il R RO B PR A AR
LN RS S BRI K, BRI e A o 22
FoTPl SR, REE. Rk A E IR R IE S
ARIE AR R JEHIARNH A IS . A% 58 F A RAE 32 BRI
T, OGRS ST ARk, ELXELLSE B R A
S5k . AEERINRE . WhaE R S AR R Y Bl A I
MU RERL. R Y 5 2 R =22 8] ) kR 1) E2 A
WA AR SN LT . N D BE gl Je /i
BESSIPS i E (E SIS (Rl M PA
SCERE, IESRTE RO — S U)K T RO AR,

10.1360/CSB-2026-0435

SUAAER: BT, DA R, RER, &5, MR A OCRIERORTT e 2 S R HE. Bl2Ai 41k, 2026, 71: 4865-4881
Guo Z, Shen Y, Lu X, et al. Review and perspective of key generic technologies in crop phenomics (in Chinese). Chin Sci Bull, 2026, 71: 4865-4881, doi:

© 2026 (PIEFRFE) Akt

www.scichina.com  csb.scichina.com


http://crossmark.crossref.org/dialog/?doi=10.1360/CSB-2026-0435&domain=pdf&date_stamp=2026-6-25
emailto:hycen@zju.edu.cn
https://doi.org/10.1360/CSB-2026-0435
www.scichina.com
csb.scichina.com
https://doi.org/10.1360/CSB-2026-0435

M E LB O206F7TH F71E L2008

AR, MRREAR . AT GERIEL Ktk Reit 5 e
UL T, R BAGIN & B — IR A9 A T
B KR N -T2 35 <4h /411 -
B -k 2 U R BRI A R, TR
263 . PR . HOLT IR AR RS I, Y
BRI R RL, RTF DRSS R
Al e PR I5E A AR R L B R U B 5 A ATORS
VEWIFRLLH 7 B RZ O A TBR AN P R T BRI s 7 ) £
Ji, TR A AL R VA 2 21~ R il o B, 2R G
A e P - PR - PRI AR AL BB kT
I, ALER B AR G B 2 R RS BAR B F
FERERE, AR RO 2R RE AR AT SRA 0
FCESEOR, T AR Tz SR . AR
BRSO NTAT S, DU R R B4 2 A E
ST ST TR S BRI S

O (=7 Fiebanysi el D559 N F 2

Y RAZILHA | A HHR S L HRE
S, SR T RLIAE R AL, . AR A IR
SRR TR AR AARRRERERIR. R R
B BRI H A o PR R AR . AEAb . BORR
FEAIN AL (E), B AN AL
a2 R RAT- B SR B E KIS B8, 456 Kk ik
PRECR R AL, SCHURARZE . AMAfk . A7
FIA . PR AR m U, AR B IR
Erat RS VS /AIN (U7 K= NS v R S i e
(IE T EES

FEF T PR R AE S A PEERTY, B ARG I A 22 390
E RN U R S NN AL PN R SNV E 4
RZEFITEBANRGE. SR, ARV GG RSk
RE. REEFM . AN S A2 T, SRR
iS22 A5, M TR PRE R R, A —3
PR 26 55 [n) 3 AA A, T EE 2 TRz ARRE T S
FEPTAERE. BLob, Z IR RE B EAS U4 5, I
E R A . B EE M 2Z AR, SR T
JESERIVENTIOMERE . TR HTRBR 5 RN AT, IS
BT 25545 (encoder-decoder) 35 424 (1) R
SOJBIRIC ) Iz 8 A, (HIE X R 22 AR IR B LA K
YEY) IR B i 23 S v, A AR ol A7 7R AT
AL, BASEERGE A R,

FET LIRPRAR, TR EE S A A . bR
N FH AR BRI R, OGBS 4t

4866

—RIEAR SR R TR ERRE, RSk IR AL
Pl R T R BE U S AR AL PR,
DATAI R RS 0 R THmE 28 — Bk, Ml S ey
ATIEAS RE T R B REARATR Y, SCEL MRS Bt Bk
TR GORTUEARDT. 38 = IR AR M PRI OG5 R,
TR o R S R AR XU K sl g ik A AR AL
i, VIS SRR ARG RN ST, $RTHHAEA
KW S A

2 {EARR R i as

PRSP i 224l 58 | AR A i sl
PEOR, CAAS IR T8 1 A L R 0 5 R L U
HAERBT R S B RORHME S, R R
TERIRIE S . A AALAEgE bR, ORI
TR M4BT ) AR

2.1 SR SURA LI HLE]

SEAEAE A S b AR 5 5 o AR R AR I L e T
PR D 1% R G R (1 4 B AR, U2 i, 7 L g 0
TSR IX B, PN T 10 nmBgX SR 38 il R T
EH T2k A RS AR P B RE ), XSTERRE
IR AP LNGS, SLHRHRRIEE . Fh a5ty 4
AT TN, FET] IL6(400~760 nm) XIS, R R
SHE FEZ MR R SR ORI E TS, 2
PR LT 5 o' B S0, KA T AR LU Y 3
fith. #EAGTLANE B, BT TRERE A LA R BT
BRAE, R AL G o 5 1 AT BB IR R sl R
T RSB Hrh, EIRLIAMN1400~2500 nm) X IR K 3 |
TN 5, £F4E2R) S SR A B R, e
HIEEY IR SRR T AR T B ke
HM8~14 pm)E B, HIY-S F R A AH AR 32 e
HH I TR RERIRT 5 R A IEE ST, vl T IoH s
DUAEU IR BhAS. T H R 5 D BB P A e
(1~5 m), HAFEATYS K00 A BERRAT, Af#HT
R R G50 Ai LA S GB R K o iE B R B8 T 4 B
Ao,

JCAEAEP R AU AR s B ROBERON . e 7 R
FE, ABPGIREIRZG, KBtk Ant Fr414t
#, BAEIEDETIRIRS ZEEGS. Hh, ol
AAER (b2 R | KRS PeE, WO GRE 2
FFefbe v . FERLA Ko e & 58 o ) 32 22
ZAMETEAS | I TR G5 R K 2 i ) B S5 4 B AL R



N
i EsERE )
gRKEZ
CsEEAsme U EEAES HEER HRRRAER
WIERBSERF BESHSE. TRME
e J N J
=R i TSR i
“ .o’ % e REGENE
Ow#"
RBIK o
hRERSKRP EVETD BEfE
Bk, [ERESIENARE WIEIT. S
A . K

B 1 (%R ) ME Y R A RR A A B R BE AR, VE AT EHE U2 0 T T 2 R G RS RE . 2 RAEdED
IRBRSARAELL | T IREE Pl 2 W 45 S Bk O RAVRAT AR 2, DL R AVEIRAE R 2 I S b . MED B RO Z R R . B
—log o(PYCF IR A KB A H RS HE, TP AR AR A T8 68 T H(Nano Banana)fii i i

Figure 1 (Color online) Technical pathway of intelligent crop phenotypic detection. Crop phenotypic analysis comprises four core stages: image data
acquisition based on multi-scale sensing platforms, processing and standardization of multi-source heterogeneous data, construction of phenotypic
analytical models based on algorithms such as deep neural networks, and the application of phenotypic data in germplasm discovery and protection, crop
breeding, and smart farming. The —log;(P) scale in the figure represents a common statistic in genome-wide association studies (GWAS). The cartoon
logo in the picture is generated with the assistance of artificial intelligence tools (Nano Banana)
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Figure 2 (Color online) Spectral response characteristics of different electromagnetic waves!®. This figure elucidates the physical mechanisms of
electromagnetic interaction with plant tissues and their applications in phenotypic detection. As the wavelength increases, the interaction modes between
photons and plant tissues transition from inner-shell electronic transitions to valence electronic transitions, molecular vibration transitions, and nuclear
spin transitions. These energy exchanges allow various spectral bands to carry multidimensional phenotypic information, including morphological
structure, photosynthetic pigments, water/nutrient status, and internal root distribution. y-rays: gamma rays; X-rays: X-rays; VIS: visible light; NIR/

SWIR: near-infrared/short-wave infrared; TIR: thermal infrared; NMR: nuclear magnetic resonance; Radar/Radio: radar/radio waves
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Figure 3 (Color online) Key technologies and platforms for multi-scale crop phenotypic detection. Technology readiness level (TRL) serves as an
indicator for assessing the maturity of a given technology. When applied to phenotypic detection technologies, TRL enables systematic evaluation of
whether a technology remains at the early conceptual or proof—of—concept stage (TRL 1-3), is undergoing testing in controlled laboratory or greenhouse
environments (TRL 4-6), or has achieved commercial—scale, high—throughput deployment in real-world field conditions (TRL 7-9). Taking globally
cultivated cereal and oil crops as examples, representative phenotypic traits were selected, and the corresponding detection technologies were rated for

TRL based on a review of 72 research articles published in the past five years
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Figure 4 (Color online) Calibration and analytical models for crop phenotypic datal'®*** At the data calibration level, it primarily encompasses
geometric and color correction for visible light imagery, radiometric calibration for spectral data, as well as denoising and completion for 3D point
clouds, aiming to ensure high data fidelity from the source. At the analytical model construction level, its evolutionary trajectory progresses from
traditional machine learning models to end-to-end deep learning models, and further advances towards agricultural multimodal large models that
integrate multi-source features. AE: color difference; DVI: difference vegetation index; NDVI: normalized difference vegetation index; CNN:
convolutional neural network; Transformer/Attention: deep learning architectures based on attention mechanisms. The cartoon logo in the picture is

generated with the assistance of artificial intelligence tools (Nano Banana)
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Driven by the convergence of advanced sensing technologies, artificial intelligence, and high-performance computing,
crop phenomics is undergoing a paradigm shift from individual trait measurement to multi-scale, intelligent perception
systems that capture the full complexity of crop performance. The physical foundation of these sensing technologies is in
the interaction of electromagnetic radiation with plant tissues, where photons across different wavebands induce electronic
transitions, molecular vibrations, and thermal emissions, thereby providing information about morphological architecture,
physiological status, biochemical composition, and genotype-by-environment (GXE) interactions. This review
systematically describes the technical characteristics and applicable scenarios of primary optical sensors, including
visible-light imaging, three-dimensional imaging, spectral imaging, chlorophyll fluorescence imaging, and thermal
infrared imaging. Its further categories crop phenotyping platforms across different scales ranging from cellular and tissue
levels to organs, individual plants, and populations in laboratory, climate-controlled chamber, greenhouse, and field
conditions. Furthermore, their trade-offs in throughput, spatial resolution, environmental adaptation, and cost were also
evaluated. Nevertheless, progress is constrained by several fundamental limitations. The heterogeneity of multi-source,
multi-scale data, coupled with the absence of standardized protocols for radiometric and geometric calibrations, impedes
data integration and reusability. Predictive models trained with data from specific genotypes or environmental conditions
frequently fail to generalize across diverse crop species, climatic zones, or developmental stages. Moreover, the transition
from handcrafted feature engineering to deep learning remains constrained by insufficient well-annotated datasets and the
limited interpretability of many existing models. To overcome these challenges, several key priorities should be considered.
First, standardized data acquisition and calibration protocols for different phenotyping platforms must be established to
ensure data quality at the source. Second, the development of robust, transferable algorithms should be accelerated, moving
beyond conventional feature engineering towards visual foundation models and multimodal architectures that integrate
RGB images, spectral signatures, thermal data, and three-dimensional point clouds. Third, building shared, community-
level databases that follow the FAIR (findable, accessible, interoperable, and reusable) principles is essential to break down
data silos, and facilitate large-scale model training and validation. Fourth, model applicability across species,
environments, and growth stages must be clearly defined for reliable deployment in real-world field conditions. Future
efforts should focus on digital twins, edge—cloud computing, and explainable artificial intelligence to deliver real-time,
non-destructive, and interpretable crop monitoring at unprecedented resolution and scale. In summary, high-throughput
plant phenotyping technologies are promising for crop phenomics, offering the innovations and insights needed to
accelerate genetic gain, optimize resource management, and advance smart breeding and precision agriculture.

crop phenomics, multi-source sensors, multi-scale phenotyping, artificial intelligence, data standardization
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