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Abstract
Plant hormones serve as key endogenous signalling molecules regulating plants' growth, development, and stress responses. Their exogenous application
has  become  a  vital  strategy  for  enhancing  agricultural  quality  and  yield  in  modern  farming.  However,  traditional  application  methods  rely  heavily  on
experience and lack real-time feedback, often leading to imbalanced dosages that result in resource wastage and environmental pollution. In recent years,
hyperspectral imaging has emerged as a rapid, nondestructive phenotyping technology. Its ability to simultaneously capture both spatial information and
continuous spectral characteristics of the targets has demonstrated immense potential in precision agriculture. This review systematically elucidates how
hyperspectral imaging technology supports the rational application of key plant growth regulators, such as auxin, gibberellin, abscisic acid, and ethylene,
establishing a closed-loop framework spanning perception, analysis, and decision-making. To this end, the paper first explains the technical principles of
hyperspectral imaging and its mechanism for conveying the physiological and biochemical information of plants. It then reviews its specific applications in
monitoring physiological responses induced by different hormones, demonstrating its capabilities at the level of phenomenon perception. Subsequently, it
focuses on analyzing how advanced data analysis methods extract effective information from large spectral datasets and construct quantitative diagnostic
models. Finally, it explores how to feed this information back into the dynamic optimization of hormone application protocols to develop precise, closed-
loop management strategies, and also outlining the challenges and future directions in this field. This review provides a theoretical foundation for shifting
plant hormone management from an experience-driven to a data-driven approach.
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Introduction
Plant  hormones  serve  as  core  endogenous  signalling  molecules

regulating plants'  growth,  development,  and responses to environ-
mental stresses throughout the entire plant life cycle[1]. With a deep-
ening  understanding  of  their  mechanisms,  the  exogenous  applica-
tion  of  plant  hormones  has  become  a  key  technology  in  modern
agricultural production[2]. Auxin and gibberellin are commonly used
to promote fruit enlargement and increase yield[3], whereas abscisic
acid  (ABA)  and  ethylene  are  closely  associated  with  drought  resis-
tance  and  fruit  ripening,  respectively[4].  Traditional  hormone  appli-
cation methods,  such as foliar  spraying and root drenching,  largely
rely on farmers' experience and fixed schedules. They lack real-time,
precise  sensing  of  the  crop's  actual  physiological  state.  This  blind
application  approach  easily  leads  to  inaccuracies  in  the  concentra-
tion,  timing,  and  application  sites,  resulting  in  either  excessive  or
insufficient hormone use[5].  Therefore,  applying effective hormones
at  the  appropriate  time,  dosage,  and  location  represents  a  critical
scientific  challenge  for  sustainable  agricultural  development.
Although  traditional  liquid  chromatography–mass  spectrometry
(LC-MS) detection offers precision, it is time-consuming, labor-inten-
sive, costly, and destructive, making it impractical for real-time diag-
nosis  and  decision-making  in  field  conditions[6].  Similarly,  conven-
tional  plant  phenotyping  tools  (e.g.,  chlorophyll  meters,  leaf  area
meters)  typically  perform  point  measurements  with  limited

information  dimensions,  making  it  difficult  to  capture  complex,
early-stage, hormone-induced systemic physiological changes[7].  To
achieve  precise  management  and  efficient  utilization  of  plant  hor-
mones,  developing  a  technology  system  capable  of  rapid,  nonde-
structive, and high-throughput analysis of the internal physiological
state  of  plants  is  crucial.  Currently,  mainstream  nondestructive
detection  technologies  used  in  plant  phenotyping  and  physiologi-
cal  monitoring  primarily  rely  on  interactions  between  light  and
matter.  These  techniques  exhibit  a  clear  developmental  trajectory,
progressing  from  surface  morphology  to  internal  chemistry,  and
from  single-point  measurements  to  spatial  imaging.  Among  these,
visible-light  imaging  excels  at  analyzing  external  phenotypic  traits,
such  as  color  and  shape,  by  capturing  reflected  light.  However,
it  struggles  to  reveal  internal  physiological  and  biochemical
changes[8].  Near-infrared  (NIR)  spectroscopy  technology  enables
quantitative  analyses  of  internal  components  such  as  moisture,
sugars,  and  proteins  by  exploiting  information  on  molecular  vibra-
tions,  yet  it  sacrifices  critical  details  on  spatial  distribution[9].  These
two  technologies  represent  the  dimensions  of  visible  morphology
and measurable composition, respectively, but neither can simulta-
neously capture complete spatial and spectral information[10].

It is against this backdrop that hyperspectral imaging technology,
with  its  unique  integrated  spectral-spatial  data  acquisition  mode,
offers a revolutionary tool for addressing these challenges[11,12]. The
differences  in  the  principles  and  system  configurations  of  these
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three  optical  sensing  technologies  clearly  reflect  their  technical

characteristics  (Fig.  1).  Unlike  visible-light  imaging  and  NIR  spec-

troscopy,  hyperspectral  imaging  can  simultaneously  capture  both

two-dimensional  (2D) spatial  and one-dimensional  (1D) continuous

spectral information of a target, generating data cubes that contain

vast amounts of information. Additionally, a detailed comparison of

the core parameters, detection capabilities,  and application charac-

teristics  of  the  three  technologies,  as  shown  in Table  1,  clearly

demonstrates  the  technical  advantages  of  hyperspectral  imaging.

This capability enables the technology not only to assess traditional

external  phenotypes  but  also  to  nondestructively  visualize  and

quantify  the  spatially  heterogeneous  distribution  of  key  internal

physiological and biochemical parameters in plants (e.g.,  pigments,

moisture, nitrogen)[13,14].
 

Fundamentals of hyperspectral
imaging technology as a carrier of
information on plants' physiological
responses 

Configuration of a hyperspectral imaging system
A  hyperspectral  imaging  system  is  a  precision-integrated  opto-

electronic  platform  designed  to  simultaneously  acquire  both  2D
spatial  information  and  1D  spectral  information  from  a  target;  the
resulting  output  is  referred  to  as  a  data  cube[23,24].  The  system  is
designed  around  the  core  process  of  high-fidelity  acquisition,
dispersion, and digitization of optical signals. The various functional
modules  coordinate  along the optical  path;  their  typical  configura-
tions  and  operating  principles  are  shown  in Fig.  2.  The  system's
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Fig.  1  Principle  and  system  configuration  of  three  optical  sensing  techniques:  (a)  Visible  light  imaging,  (b)  near-infrared  spectroscopy,  and  (c)
hyperspectral imaging.

 

Table 1.  Comparative analysis of visible light imaging, near-infrared spectroscopy, and hyperspectral imaging technologies.

Technology type Visible light imaging Near-infrared spectroscopy Hyperspectral imaging

Equipment
composition

Charge-coupled device (CCD) camera,
light source, sample

Optical fiber, focusing lens, near-infrared
spectrometer, sample

CCD camera, spectrometer, light source,
sample, computer

Working principle Collect visible light reflected by objects
(400−700 nm)

Collect spectral information of objects in the
near-infrared wavelength range
(700−2,500 nm)

Simultaneously acquire spatial imagery and
continuous spectral information to form a
data cube

Testing content Color, shape, surface defects Chemical composition (such as moisture
content, sugar content, acidity)

Image information combining spatial
distribution and chemical composition

Spatial resolution High (spatial information only) None (single-point or small-area measurement) High (spatial + spectral information)
Spectral resolution Low (red–green–blue, three channels) High (continuous spectrum) Extremely high (hundreds of contiguous

spectral bands)
Data dimension 2D (spatial information + color

information)
1D (single-point spectral information +
chemical information)

3D (spatial information + spectral
information + chemical imaging
information)

Output results Color photographs depicting the
sample's appearance, color, texture,
defects, and other surface characteristics.

Single spectral curve reflecting the internal
chemical composition of the sample (moisture,
protein, etc.)

Hyperspectral images + spectral curves for
each pixel, simultaneously revealing the
spatial distribution of surface defects and
internal composition

Primary application
scenarios

Visual inspection, sorting, size grading Rapid component detection, qualitative and
quantitative analysis

Fine-grained classification, detection of
internal defects, visualization of the material
distribution

Advantages Low cost, simple operation, and strong
real-time capability

Capable of detecting internal components,
nondestructive, fast

Comprehensive information, simultaneous
analysis of spatial and chemical properties,
high sensitivity

Disadvantages Unable to detect internal or chemical
composition

No spatial distribution information; requires
contact or close-range measurement

High cost, complex data processing, and
slow acquisition speed

Ref. [15,16] [17−19] [20−22]

  Hyperspectral imaging for plant hormone monitoring

Page 2 of 11   Pan et al. Plant Hormones 2026, 2: e010



workflow begins with the illumination unit. This unit provides stable,
uniform  light  radiation  within  the  appropriate  spectral  range,  serv-
ing as the physical foundation for ensuring the consistency of subse-
quent  spectral  data  and  the  signal-to-noise  ratio[25].  After  interact-
ing with the sample, the reflected or transmitted light, which carries
information about the sample's chemical  composition and physical
structure,  enters  the  optical  acquisition  module[26].  This  module
typically consists of an objective lens and an entrance slit: the objec-
tive  lens  collects  light  from  the  sample  and  focuses  it  onto  the  slit
plane, whereas the slit acts as a spatial filter, allowing only light from
a  linear  region  to  pass  through,  thereby  defining  the  field  of  view
for  each  image[27].  The  light  is  then  collimated  by  a  collimating
lens[28,29].  Subsequently,  the parallel  beam enters  the system's  core
component, namely the beam splitter. This device utilizes the princi-
ple of dispersion to spatially spread the beam by wavelength, sepa-
rating  light  of  different  wavelengths  horizontally  and  achieving
an optical encoding in which the 1D spatial position corresponds to
1D  spectral  information.  The  dispersed  beam  is  projected  onto  a
2D  detector[30],  which  simultaneously  records  information  in  two
dimensions:  one  dimension  corresponds  to  the  spatial  position
along  the  sample  line,  and  the  other  to  the  spectral  band.  This
allows the complete spectral information of all pixels along a single
line to be acquired in a single exposure. To obtain a complete data
cube  covering  the  entire  sample  area,  the  system  must  also  be
equipped  with  a  scanning  and  control  unit.  This  unit  precisely
controls  the movement of  the sample stage or the scanning of  the
camera itself,  causing the imaging line to continuously traverse the
sample's surface and collect data line by line; simultaneously, it syn-
chronously  triggers  the  detector  for  image  acquisition  and  under-
takes  calibration,  storage,  and  preprocessing  of  the  raw  data,  ulti-
mately synthesizing a three-dimensional (3D) data cube containing

2D  spatial  information  and  1D  spectral  information[31].  Depending
on  the  scanning  method  and  spectroscopic  components,  hyper-
spectral  imaging  systems  can  be  classified  into  various  modes,
including  point  scanning,  pushbroom  (line  scanning),  stencil  (area
scanning),  and snapshot modes, each with distinct system configu-
rations  and  application  scenarios  (Table  2).  Among  these,  pushb-
room systems,  which combine high spatial  and spectral  resolution,
are  currently  the  most  prevalent  configuration  in  agricultural  and
plant phenotyping research. 

The physical and bionic foundations of
hyperspectral imaging

Hyperspectral  imaging  surpasses  traditional  red–green–blue
(RGB)  vision  by  continuously  capturing  and  analyzing  the  spectral
fingerprints of the materials. The human eye integrates responses to
broadband  RGB  light  through  only  three  types  of  photoreceptor
cells,  forming  macroscopic  color  perception  while  losing  the  rich,
fine  spectral  characteristics  within  materials[40].  Hyperspectral  tech-
nology  fundamentally  extends  spectral  vision:  it  divides  the  spec-
trum  into  hundreds  of  continuous  narrow  bands  spanning  visible
light  to  NIR  and  even  shortwave  infrared.  This  enables  dense  sam-
pling  of  reflected  spectra,  elevating  each  pixel's  information  from
the three RGB dimensions to hundreds of spectral dimensions[41,42].
This not only preserves color information that is recognizable to the
human eye but, more importantly, reveals the characteristic absorp-
tion and reflection spectral bands generated by molecular chemical
bond  vibrations  and  electronic  transitions – phenomena  that  are
invisible to the naked eye[43].

Hyperspectral imaging offers significant advantages for detecting
opaque  biological  media,  such  as  plants,  by  capturing  the  diffuse
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Fig. 2  Schematic diagram of the working principle of a hyperspectral  imaging system. (a) Schematic diagram of system optical  path and components.
(b) Schematic diagram of hyperspectral data cube.

 

Table 2.  Primary hyperspectral imaging modes and characteristics of their system's configuration.

Imaging
mode Scanning method Core optical

components System configuration and data acquisition characteristics Typical application scenarios Ref.

Spot
scanning

Spot scanning Single-point
spectrometer

Spectra are measured point by point using a 2D translation
stage, then synthesized into images. The system's structure is
relatively simple, but data acquisition is extremely slow, with a
high signal-to-noise ratio.

Laboratory-based precision
spectral analysis of stationary
samples, microscopic
hyperspectral imaging

[32,33]

Pushbroo
m

Line scan Grating/prism Spectral data are acquired line by line through continuous
movement of the sample or camera; featuring high spatial
resolution and excellent spectral resolution, this is the most
popular mode.

Aerial remote sensing, laboratory
precision testing, agricultural
product sorting lines

[34,35]

Gazing Surface scanning
(spectral scanning)

Tunable filter The camera remains stationary, capturing full-frame images
across different wavelengths by rapidly switching filters; no
moving parts are required, but spectral continuity is limited.

Real-time dynamic monitoring,
medical diagnosis

[36,37]

Snapshot-
like

Instantaneous
imaging

Image
slicer/coding

aperture

Capture the complete spectral cube of the entire scene in a
single exposure; no moving parts; suitable for transient
processes, but spatial or spectral resolution may require
trade-offs.

Biomedical imaging, industrial
process monitoring

[38,39]
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reflectance  spectral  signals  generated  by  complex  interactions
between light and tissue[44]. As light traverses plant tissue, its propa-
gation  path  is  modulated  by  multiple  optical  properties,  including
absorption,  scattering,  and  anisotropy[45].  Hyperspectral  systems
record  not  only  simple  color  images  but  also  continuous,  high-
dimensional  spectral  responses  at  each  pixel.  This  spectral  finger-
print comprehensively reflects information spanning multiple physi-
ological  structures  and  biochemical  components,  from  the  epider-
mal  wax  layer  to  mesophyll  palisade  tissue,  and  from  photosyn-
thetic pigment content to water distribution. Based on this physical
foundation,  hyperspectral  imaging sensitively captures plants'  mul-
tiscale  responses  to  exogenous  hormone  treatments  through  spa-
tially  visualized  representations.  These  responses  encompass  both
systemic  changes,  such  as  photosynthetic  efficiency  and  water
metabolism, as well  as localized accumulation and structural  remo-
deling  of  secondary  metabolites  within  different  organs  or  tissues,
exhibiting  distinct  organ  specificity  and  spatial  heterogeneity[26].
Because  alterations  in  any  physiological  or  biochemical  parameter
modulate  the  local  optical  properties,  forming  unique  spectral
signatures[18],  hyperspectral  technology  transforms  the  averaged
information  of  traditional  point  measurements  into  detailed  bio-
chemical  maps.  By  integrating  deep  learning  to  mine  high-dimen-
sional  data  cubes,  researchers  can  not  only  quantitatively  recon-
struct  cross-organ  physiological  indicators  but  also  dynamically
decipher the spatial patterns of hormone action, such as identifying
the  initial  stress  sites,  tracing  metabolite  transport  pathways,  or
evaluating differences in tissue sensitivity[27]. This provides unprece-
dented  multidimensional  data  support  and  analytical  potential  for
precise diagnostics, from holistic to localized, and from phenomena
to  mechanisms,  as  well  as  for  optimizing  hormone  application
strategies tailored to specific growth stages and target organs. 

Spectral manifestations of plant hormone
responses

As  core  signalling  molecules  regulating  physiological  processes
such  as  plants'  growth  and  development,  stress  responses,  and
maturation  and  senescence,  plant  hormones  exert  their  effects  by
altering key physiological and biochemical parameters within plants
(e.g., pigment content, water status, cell structure), ultimately form-
ing  identifiable  response  patterns  in  the  spectral  characteristics[46].
The  distinct  physiological  functions  of  different  hormone  types
determine  the  significant  specificity  of  the  spectral  changes  they
induce[47].  It  should  be  noted  that  the  plant  hormone  family  com-
prises  numerous  members,  each  playing  a  vital  role  in  plant  life.
However,  this  review  focuses  on  how  hyperspectral  imaging  tech-
nology  assists  in  the  precise  management  of  exogenous  hormone
applications. Given the breadth of their applications, the technologi-
cal  maturity of agricultural  practice,  and the concentration of exist-
ing research on hyperspectral-related topics, auxin, gibberellin, ABA,
and  ethylene  are  the  most  representative  classes  of  exogenous
regulators. These agents are highly effective and widely applied, and
constitute  the  primary  targets  in  current  chemical  regulation  of
crops.  Furthermore,  the  mechanisms  linking  their  physiological
effects  to  spectral  responses  have  been  relatively  thoroughly
studied.  Therefore,  this  section  systematically  elaborates  on  the
specific  spectral  response  patterns  induced  by  these  regulators,
revealing the physiological  and physical  basis  for  using hyperspec-
tral technology in their monitoring and diagnosis. 

Auxin: enhanced NIR scattering dominated by cell elongation
and structural relaxation

The core function of  auxin is  to  promote cell  wall  relaxation and
cell  elongation,  rather  than  directly  stimulating  cell  division  or

substantially  increasing  photosynthetic  pigments[48].  This  physiolo-
gical process leads to enlarged cell volumes in organs such as leaves
and  stems,  more  developed  intercellular  spaces,  and  a  relative
decrease  in  tissues'  structural  density.  From  the  perspective  of
light–matter  interactions,  these  microscopic  structural  changes
significantly  alter  the  tissue's  optical  properties  in  the  NIR
(700−1,300 nm) band.  Within this  range,  plant  tissues exhibit  weak
light  absorption,  and  light  propagation  is  primarily  governed  by
scattering  effects.  The  enlargement  of  intercellular  spaces  and  the
development of aerenchyma structures enhance multiple light scat-
tering  at  the  cell-air  interface,  resulting  in  a  significant  increase  in
reflectance  in  the  NIR  band.  Studies  indicate  that  indole-3-acetic
acid  (IAA)-treated  plant  leaves  exhibit  a  10%−25%  higher  reflec-
tance  in  the  750−900  nm  range  compared  with  controls[49].  There-
fore,  hyperspectral  imaging  can  indirectly  quantify  auxin-induced
cell  elongation  effects  and  teh  vigor  of  organ  growth  by  analyzing
the  spatial  distribution  and  dynamic  changes  of  reflectance  in  this
band.  This  technique  is  particularly  suitable  for  monitoring  early
responses  in  auxin-sensitive  regions  such  as  apical  meristems  and
young leaves. 

Gibberellic acid: visible light to red edge characteristics
dominated by pigment synthesis and biomass accumulation

Unlike  auxin,  gibberellin  not  only  promotes  cell  elongation  but
also  increases  biomass  significantly  by  breaking  dormancy,  stimu-
lating  cell  division,  and  enhancing  internode  elongation,  while
also  upregulating  the  expression  of  genes  related  to  chlorophyll
synthesis[47,48].  This  results  in  gibberellic  acid  (GA)-treated  plants
typically  exhibiting  an  increased  leaf  area  index  (LAI)  and  elevated
chlorophyll content, particularly chlorophyll a and b. These changes
directly modulate the spectral characteristics of plants in the visible
range  (400−700  nm)  and  the  red  edge  region  (680−760  nm).
Increased chlorophyll content enhances the absorption of blue light
(450 nm)  and red light  (680  nm),  leading to  reduced reflectance  in
these  bands.  Concurrently,  the  red  absorption  edge  shifts  toward
longer wavelengths as a result of an elevated chlorophyll concentra-
tion. The red shift in the red edge position (REP) and the increase in
the  red  edge  slope  (i.e.,  the  maximum  of  the  first  derivative)  have
become classic indicators for hyperspectral inversion of chlorophyll
content and monitoring the vigor of  plant  growth[49].  Furthermore,
because  of  the  significant  increase  in  biomass  (LAI),  GA  treatment
also  enhances  reflectance  in  the  NIR  bands.  However,  unlike  IAA
treatment,  GA  treatment  is  associated  with  more  pronounced
changes  in  visible  light  absorption  and  shifts  in  red  edge  parame-
ters.  Zhang[49] explicitly  noted  that  the  red  edge  position  in  rice
(Oryza  sativa)  shifts  toward  longer  wavelengths  with  increasing
chlorophyll  content,  establishing  a  core  correlation  between  red
edge displacement and chlorophyll concentration[50]. This indirectly
validates the logical chain in which elevated chlorophyll levels after
GA treatment induce red edge redshifts. Prabhakar[51] also indicated
that  high  reflectance  in  the  NIR  region  correlates  closely  with  LAI.
Vegetation  indices  combining  red  edge,  blue,  and  NIR  bands  are
suitable for  estimating LAI  during the seedling and jointing stages,
whereas  indices  combining  the  red  and  NIR  bands  are  applicable
during  the  tillering  and  heading  stages.  This  provides  technical
support for large-scale,  rapid,  and precise monitoring of LAI in rice.
Therefore,  through  the  use  of  hyperspectral  data  cubes,  pigment
synthesis indices based on red edge parameters and structural scat-
tering  indices  based  on  NIR  bands  can  both  be  simultaneously
extracted.  By  integrating  their  spatial  distribution  patterns,  the
dominant  effects  of  gibberellin  and  auxin  can  be  effectively  distin-
guished,  or  the  degree  of  their  synergistic  interaction  can  be
evaluated.
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Hyperspectral  imaging  can  transcend  the  general  phenomenon
of  growth promotion,  revealing the distinct  spectral  fingerprints  of
auxin and gibberellin. In evaluations of auxin treatments to promote
cell  elongation  and  improve  fruit  shape,  spatial  variations  in  NIR
reflectance  should  be  prioritized.  Conversely,  when  assessing  gib-
berellin  treatments  targeting  dormancy  breaking,  promotion  of
tillering, or leaf area expansion, comprehensive monitoring of multi-
ple  parameters,  including the red edge position,  chlorophyll  index,
and  NIR  reflectance,  is  required.  By  establishing  quantitative  rela-
tionship models linking these specific spectral features to hormone
dosage  and  application  timing,  hyperspectral  imaging  provides  a
direct  technical  pathway  for  achieving  differentiated,  precise  diag-
nosis and efficacy feedback for these two growth promoters. 

Abscisic acid: the mechanism of spectral decoupling in stress
responses

Hyperspectral  imaging  technology  for  monitoring  ABA  essen-
tially  involves  spatially  resolving  the  downstream  physiological
programs  initiated  by  ABA  that  exhibit  distinct  spectral  responses,
rather  than  directly  detecting  trace  ABA  molecules[52].  As  a  core
stress  signal,  ABA  alters  plants'  optical  properties  through  two
primary pathways: first, by inducing stomatal closure and ultimately
leading  to  leaf  water  deficit[53];  second,  by  inhibiting  photosynthe-
sis  and potentially  triggering photosynthetic  pigment degradation.
Regarding  water  status,  ABA  treatment  reduces  relative  leaf  water
content,  weakening  the  characteristic  absorption  of  water
molecules'  O-H  bonds  in  the  NIR  (970–1,200  nm)  and  short-wave
infrared  (1,450–1,940  nm)  regions.  This  increases  reflectance  in
these  bands,  allowing  hyperspectral  imaging  to  spatially  map  and
quantify water status through constructed water indices[37]. Regard-
ing  photosystems,  ABA's  inhibition  of  Photosystem  II  (PSII)  activity
and  chlorophyll  degradation  causes  the  red  edge  to  shift  toward
shorter  wavelengths,  reduces  the  red  edge's  slope,  and  increases
reflectance  in  the  green  band  (550  nm)[54].  The  core  advantage  of
hyperspectral  imaging  lies  in  its  ability  to  simultaneously  extract
moisture,  red  edge,  and  pigment  indices  from  a  single  data  cube.
This  enables  multidimensional  (moisture  ×  photosynthesis)  and
dynamic  (early  warning  ×  late  damage)  precision  diagnostics  of
ABA-mediated  stress  responses,  accurately  identifying  the  initial
stress sites and spatial heterogeneity[55].  This provides a foundation
for precision stress management based on ABA signalling. 

Ethylene: visualizing the spectral dynamics regulating aging
and maturation

Ethylene  drives  an  irreversible  physiological  program  with  spa-
tiotemporal  developmental  patterns.  Hyperspectral  imaging  allows
the analysis of ethylene's effects by capturing the dynamics of spec-
tral  markers  tightly  coupled  to  this  program[56].  Ethylene  systema-
tically  alters  organs'  optical  properties  by  activating  chlorophyll
degradation enzymes and promoting pigment synthesis (e.g.,  caro-
tenoids). In leaf senescence, this directly causes elevated reflectance
at  the  green  peak  (550  nm)  and  a  flattening  of  the  red  absorption
trough  (680  nm),  along  with  a  blue  shift  of  the  most  sensitive  red
edge position. Hyperspectral time-lapse imaging quantifies the rates
and spatial  patterns  of  these  changes,  mapping the  aging process.
During  fruit  ripening,  chlorophyll  degradation  synchronizes  with
carotenoid  accumulation,  altering  spectral  profiles  in  the  visible
range  (500−600  nm)[57].  Hyperspectral  imaging  enables  the  cons-
truction  of  specialized  indices  to  nondestructively  map  the  spatial
distribution  of  pigment  transformation  and  ripeness  on  the  fruit's
surfaces, assessing ripening uniformity[58].  Thus, hyperspectral tech-
nology  translates  ethylene's  physiological  effects  into  spectrally
traceable spatiotemporal dynamics, achieving a leap from determin-
ing  whether  effects  occur  to  deciphering  how  they  occur.  This

provides unique insights for optimizing harvest windows and post-
harvest treatment strategies[59]. 

The complexity and dynamism of hormonal
effects and enhanced strategies for spectral
diagnosis

Hyperspectral  imaging  indirectly  assesses  hormones'  effects  by
analyzing  the  spatial  distribution  of  the  downstream  physiological
parameters, yet faces a core challenge: the nonspecificity of spectral
responses.  Different  hormones  may  induce  similar  macroscopic
physiological phenotypes (e.g., ABA and simple drought both cause
water  loss  and  a  red  edge  blue  shift;  IAA  and  GA  treatments  both
enhance NIR reflectance), resulting in highly overlapping reflectance
spectral  signatures  that  cannot  be  uniquely  correlated  to  specific
hormone  molecules[60].  This  fundamentally  defines  hyperspectral
technology primarily as a high-resolution diagnostic tool for physio-
logical  effects rather than a direct identifier  of  hormone molecules.
To enhance the specificity and reliability of diagnoses, it is essential
to  move  beyond  the  single  dimension  of  spectral  reflectance  and
adopt a multidimensional information fusion strategy[61]. The detec-
tion  principles,  core  parameters,  and  complementary  value  of
various  multimodal  sensing  technologies  that  can  be  integrated
with hyperspectral imaging, as shown in Table 3, can provide multi-
dimensional  support  for  the  precise  diagnosis  of  hormones'
effects[62]. For example, thermal imaging can directly reveal changes
in  stomatal  conductance  and  transpiration  rates,  aiding  in  distin-
guishing  ABA  signals  from  other  abiotic  stresses  causing  water
deficiency[63].  Chlorophyll  fluorescence  imaging  quantifies  the
actual  photochemical  efficiency  of  PSII,  providing  crucial  evidence
to determine whether photosynthetic inhibition stems from ABA or
other  stress  factors.  Light  detection  and  ranging  (LiDAR)  captures
detailed 3D canopy structures, quantifies the accumulation patterns
of biomass,  and assists in distinguishing subtle differences in struc-
tural effects between auxin and gibberellin[64]. Finally, all these inter-
pretations must be grounded in rigorous experimental controls that
explicitly  include  hormone  treatments  to  establish  reliable  causal
models of treatment and response[65]. 

From spectral data to application
decisions 

Hyperspectral data preprocessing and model
development

To  achieve  precise  diagnoses  and  quantification  of  plant
hormones'  effects,  hyperspectral  data  processing  must  follow  a
standardized, goal-oriented workflow that is closely integrated with
physiological  mechanisms (Fig.  3).  This  workflow forms a  complete
closed-loop  system  from  data  acquisition  to  model  deployment,
with  each  step  designed  to  directly  extract  reliable  information
related to specific hormone responses from complex spectral data. 

Data acquisition and calibration
Hyperspectral  imaging  systems  simultaneously  capture  the  spa-

tial morphological information and spectral response characteristics
of  crops.  The  content  and  distribution  of  plant  hormones,  such  as
IAA,  GA3(Gibberellic  acid),  and  ABA,  directly  influence  the  spectral
reflectance and absorption properties of crop organs, such as leaves
and  stems.  For  instance,  ABA  accumulation  leads  to  chlorophyll
degradation in leaves,  resulting in decreased reflectance in the NIR
band[71].  To  eliminate  systematic  errors  and  environmental
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interference  while  ensuring  the  data's  reliability,  simultaneous
geometric  and  radiometric  calibration  is  required.  Geometric  cali-
bration  primarily  corrects  pixel  shifts  caused  by  canopy  sway  and
camera  displacement  during  pushbroom  and  snapshot  imaging,
preventing  confusion  between  regions  with  differing  hormone
concentrations  during  extraction  of  the  region  of  interest  (ROI)[72].
Radiometric  calibration  eliminates  effects  from  variations  in  light
intensity,  atmospheric  scattering,  and  sensor  response,  converting
raw grayscale values into true reflectance to ensure the comparabil-
ity of spectral data across different batches and crop samples[73]. 

Extraction of the ROI
The  effects  of  plant  hormones  exhibit  organ- and  tissue-speci-

ficity. This step aims to precisely segment target organs from images

while  excluding  the  background.  This  process  directly  targets
regions  where  the  hormones  exert  effects[74].  Leveraging  spectral
differences between crops and the background, techniques such as
threshold  segmentation,  morphological  processing,  or  semantic
segmentation  algorithms  implemented  via  ENVI,  Python,  MATLAB,
etc.,  are  usedto  extract  target  regions  (e.g.,  leaves  or  ears)  as  ROIs.
This  focuses  on  plant  hormone-related  spectral  signals,  reducing
data  volumes  and  enhancing  efficiency  for  subsequent
processing[75]. 

Spectral preprocessing
The core objective of this stage is to enhance the spectral signals

associated  with  hormone  responses  while  suppressing  irrelevant
variations.  Since  early  or  subtle  hormone-induced  physiological

 

Table 3.  Multimodal sensing technologies for enhancing diagnostic specificity of hormonal effects in hyperspectral imaging.

Modal
technology Detection principle Key physiological parameters

obtained
How to address the limitations of

hyperspectral imaging Example application scenarios

Thermal
imaging

Detect infrared radiation
(thermal radiation)
emitted from the
surface of objects

Canopy/leaf temperature,
used for inversion of stomatal
conductance and
transpiration rate

Directly reflects stomatal behavior. Helps
distinguish between ABA-induced stomatal
closure and water stress directly caused by soil
drought, which may exhibit similar patterns in
hyperspectral water indices

Precision irrigation decision-
making, evaluation of ABA's
drought resistance effects[66]

Chlorophyll
fluorescence
imaging

Detect the fluorescence
re-emitted by PSII

Photochemical efficiency
(Fv/Fm) and nonphotochemical
quenching (NPQ) reflect the
real-time functional state of
the photosynthetic apparatus

Directly detect photosynthetic physiological
states. This aids in distinguishing whether the
causes of red edge blue shift and pigment
changes in the stem from ABA inhibition, light
stress, or senescence (ethylene), which may
overlap with hyperspectral reflectance features

Early warning of stress,
mechanistic study of
hormones' effects on
photosynthesis[67]

LiDAR Emit laser pulses and
measure the reflection
time to generate a
three-dimensional
point cloud.

Canopy height, LAI, vertical
structural distribution,
biomass

Provides precise 3D structural quantification.
Assists in distinguishing the relative
contributions of auxin (primarily altering cell
structure) and gibberellin (significantly
increasing biomass and LAI) to the effects on
NIR reflectance

Crop growth monitoring,
biomass estimation, plant
architecture analysis[68]

Hyperspectral
fluorescence

Detection of chlorophyll
fluorescence emission in
the red to far infrared
wavelength range

Chlorophyll fluorescence yield
under sunlight is closely
related to the electron
transport chain and carbon
assimilation

Provides an independent data dimension that is
highly sensitive to photosynthetic metabolism
and fundamentally different from reflectance
spectra

Monitor photosynthetic
function on a large scale to
evaluate the impact of
hormones on crops'
productivity[69]

Gas exchange
measurement

Measurement of CO2 and
H2O flux variations within
a sealed chamber

Net photosynthetic rate,
transpiration rate, stomatal
conductance (direct
measurements)

Provide ground truth values serving as the gold
standard for leaves' physiological functions.
Used for calibrating and validating model
parameters derived from hyperspectral, thermal
imaging, and other inversion techniques

Construction of a mechanism
model and benchmark
validation for cross-modal
data fusion[70]

 

 
Fig. 3  Hyperspectral imaging technology workflow.

  Hyperspectral imaging for plant hormone monitoring

Page 6 of 11   Pan et al. Plant Hormones 2026, 2: e010



changes  yield  weak  spectral  responses,  these  signals  are  easily
masked  by  the  leaf's  surface  texture,  dust,  or  instrumental  random
noise. A series of preprocessing steps is required to eliminate inter-
ference and ensure  the  model's  generalizability[76].  Baseline  correc-
tion  adjusts  spectral  baseline  shifts  caused  by  instrument  drift  and
leaf  scattering,  restoring  hormone-related  characteristic  peaks[77].
Noise reduction techniques (e.g., wavelet denoising, Savitzky–Golay
smoothing)  filter  out  random  noise,  thereby  highlighting  correla-
tions  between  hormone  levels  and  spectral  reflectance.  Normaliza-
tion  eliminates  spectral-scale  differences  caused  by  differences  in
the growth state among crop samples (e.g., leaf thickness, leaf area),
enabling the model to focus on spectral changes driven by hormone
content[78]. 

Selection of spectral features
Hyperspectral data for crop monitoring is extremely high-dimen-

sional,  typically  comprising  hundreds  of  bands.  The  data  contain
redundant  information,  and  some  bands  show  no  correlation  with
plant  hormone levels,  increasing modeling complexity  and leading
to  overfitting.  On  the  basis  of  known  physiological  mechanisms,
selecting  target-relevant  spectral  bands  (e.g.,  monitoring  ABA-
related  moisture  changes  using  bands  near  1,450  and  1,940  nm;
monitoring GA- or ethylene-related pigment changes using the red
edge region), and using specialized software for extracting the spec-
tral  features  can  reduce  the  data's  dimensionality  and  enhance
modeling efficiency. Through correlation analysis, sequential projec-
tion algorithm (SPA), principal component analysis (PCA), and other
methods,  bands  significantly  correlated  with  the  target  plant  hor-
mone  levels  are  identified  (e.g.,  strong  correlations  between  IAA
content and the 620−680-nm red absorption band, or between GA3

content and the 700−750-nm red edge band)[79].  Redundant bands
are then eliminated,  retaining the core spectral  features  to provide
precise inputs for subsequent modeling. 

Modeling and validation
This  step establishes quantitative or  qualitative mapping models

linking  spectral  characteristics  to  hormonal  effects.  The  models'
selection  and  construction  are  closely  aligned  with  agricultural
applications. For preliminary screening, linear models such as partial
least  squares  regression  can  establish  quantitative  relationships
between hormone concentrations and spectral data[80]; for complex
nonlinear  responses  involving  interactions  among  multiple  hor-
mones,  machine learning models  such as  support  vector  machines

or random forests should be chosen. To visualize the spatial distribu-
tion  of  hormones  (e.g.,  uneven  ethylene-related  ripening),  deep
learning  models  such  as  convolutional  neural  networks  must  be
applied  for  pixel-level  prediction[81].  The  models  must  undergo
rigorous validation using independent test sets to assess their accu-
racy, robustness, and generalization, ensuring reliable application to
new plants  or  growth environments[82].  The core  principles,  advan-
tages, and applicable scenarios of the different types of data analy-
sis models, as shown in Table 4, provide a clear reference for select-
ing models to monitoring the effects of plant hormones. 

Model deployment and migration
The ultimate goal is to deploy the optimized model in real-world

field- or  facility-based  agricultural  scenarios[83].  This  may  involve
integrating the model into portable hyperspectral devices or drone
platforms  to  enable  real-time  diagnostics.  Existing  research  on
hyperspectral  imaging  for  monitoring  plants'  hormone  responses
has  primarily  focused  on  leaf-scale  measurements  and  controlled
laboratory  environments[84].  However,  translating  laboratory-based
spectral  models  to  large-scale  applications  on  field  drones  or  agri-
cultural  machinery  faces  critical  bottlenecks.  Challenges  include
dynamic  field  light  conditions,  canopy  movement,  and  complex
backgrounds  such  as  soil  and  weeds,  which  introduce  significant
spectral  noise  that  can  easily  mask  the  subtle  spectral  signatures
induced  by  hormones[85].  This  creates  a  stark  contrast  to  the  high
signal-to-noise  ratio  spectral  signals  obtained  under  stable  labora-
tory  conditions[86].  Second,  the  precise  spectral  characteristics  of
isolated  laboratory  leaves  exhibit  spatial  heterogeneity  in  canopy-
scale  field  imaging  becasue  of  leaf  layer  overlap  and  organ  occlu-
sion.  Scale  effects  render  leaf-scale  spectral–physiological  correla-
tion models ineffective[87]. Third, laboratory models are often trained
on  single  varieties  and  fixed  growth  stages,  making  them  ill-suited
to  adapt  to  field  crop  variety  differences,  coupled  environmental
stresses,  and  the  interactive  effects  of  hormones  and  agronomic
practices,  resulting  in  the  model's  significantly  reduced  generaliz-
ability[88].  These  issues  fundamentally  stem  from  the  inherent
disparity between idealized laboratory-derived spectral features and
complex  spectral  signals  in  the  field.  Direct  transfer  significantly
degrades  the  model's  prediction  accuracy[89].  Field  adaptation  of
laboratory  models  requires  optimization  through  field-based
spectral preprocessing, multisource data fusion, and fine-tuning via
transfer learning models[90]. 

 

Table 4.  Comparison of hyperspectral data analysis models for monitoring the effects of plant hormones.

Model category Representative algorithm Core principles and features Key advantages Typical application scenarios Ref.

Linear model Partial least squares
regression (PLSR), principal
component regression (PCR)

Establish a mapping model
based on the global linear
assumption between the
spectral features and target
variables

The model is simple,
computationally efficient, and
highly interpretable, making it
suitable for analyzing small-
sample data

Preliminary quantitative
analysis and trend assessment
of single hormones' effects
under controlled conditions

[76,77]

Nonlinear
model

Support vector regression
(SVR), Gaussian process
regression (GPR)

Processing nonlinear
relationships through kernel
function mapping to find the
optimal fitting hyperplane or
probability distribution

Suitable for nonlinear fitting with
moderate sample sizes, offering
superior generalization
capabilities compared with
simple linear models

Scenarios where the hormone
dose–response relationship is
nonlinear or where moderate
background interference is
present

[78,79]

Machine
learning model

Random forest (RF), gradient
boosting machine (GBM)

Integrating multiple decision
trees to make predictions
through voting or weighting;
excels at handling high-
dimensional features

Strong antioverfitting capability,
insensitive to noise, capable of
assessing features' importance,
and excellent generalization
performance

Prediction of hormone levels
or classification of stress states
under complex field
conditions involving multiple
factors

[80]

Deep learning
model

Convolutional neural
networks (CNNs), recurrent
neural networks (RNNs)

Deep abstract representations
that automatically extract
spectral-spatial features
through multilayer network
architectures

Possesses strong feature learning
capabilities, enabling it to
capture complex spatial patterns
and contextual information

Precision inversion (e.g.,
mapping hormones' spatial
distribution), dynamic
monitoring of time series, and
large-scale data processing

[81,82]
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Hyperspectral-driven precision application of
plant hormones: an integrated framework based
on existing technological modules

Currently,  the  application  of  hyperspectral  imaging  in  plant
hormone  research  primarily  focuses  on  monitoring  and  analyzing
physiological  responses,  whereas  practical  examples  of  a  complete
closed-loop  perception–analysis–decision–execution–feedback  sys-
tem at the field scale remain largely prospective[91].  The core work-
flow of this closed-loop system is closely integrated with the hyper-
spectral  data  processing  workflow  shown  in Fig.  3,  serving  as  a
crucial  foundation  for  technological  integration.  This  section  pro-
poses a theoretical integrated framework whose core logic is based
on  field-level,  localized  validation  results  from  hyperspectral  imag-
ing  for  monitoring  plants'  physiological  responses  to  hormones.  In
controlled  environments,  existing  agricultural  studies  have  used
portable  hyperspectral  imagers  to  dynamically  monitor  crops'  leaf
spectra  after  auxin  and  gibberellin  treatments.  These  studies  suc-
cessfully  inverted  physiological  indicators  such  as  cell  elongation
and chlorophyll synthesis, validating the technical feasibility of spec-
tral  sensing  and  physiological  analysis[57].  At  the  field  scale,
unmanned  aerial  vehicle  (UAV)-based  hyperspectral  imaging  has
been  applied  to  monitor  ABA-mediated  drought  stress  responses
in  wheat  (Triticum  aestivum)  and  rice.  By  combining  water  indices
with  red  edge  parameters,  regional  identification  of  crops'  stress
hormone  requirements  has  been  achieved[58].  The  aforementioned
studies provide direct technical support for the perception–analysis
segment  within  the  closed-loop  framework.  The  decision–execu-
tion–feedback  segment  relies  on  mature  applications  in  precision
agriculture,  such  as  drone-based  precision  spraying  and  variable-
rate  sprayers,  alongside  closed-loop  optimization  experience
from  machine  learning  models  in  crop  water  and  fertilizer
management[92],  enabling  cross-scenario  integration  of  technical
modules. 

Conclusions and future outlook
Hyperspectral  imaging  technology,  leveraging  its  advantages

of  noncontact,  high-throughput,  and  multidimensional  analysis,
provides  comprehensive  technical  support  for  the  rational  use  of
plant  hormones[93].  It  overcomes  the  limitations  of  traditional
methods, such as reliance on experience, delayed effects, and blind
regulation.  In  monitoring  physiological  responses,  it  achieves
precise  quantification  and  early  warning  of  hormones'  regulation
effects  by  leveraging  deep  correlations  between  spectral  features
and  physiological  indicators,  resolving  the  issues  of  high  invasive-
ness  and  low  efficiency  in  traditional  monitoring.  In  the  optimiza-
tion of  application schemes,  it  integrates  multisource data  to  build
coupled decision models, driving hormone regulation from uniform
application  to  personalized  precision  control,  thereby  advancing
green agricultural development.

Looking ahead, the large-scale application of hyperspectral imag-
ing  technology  for  the  precision  management  of  plant  hormones
still  faces  several  challenges,  including  highly  heterogeneous  data,
limited  model  generalizability,  and  difficulties  with  field  deploy-
ment.  To  advance  this  field  from  laboratory  research  to  practical
application,  we  should  establish  a  unified  system  of  benchmark
tasks  and  standardized  guidelines[94].  We  can  define  standardized
benchmark  tasks  centred  on  three  key  aspects,  namely  spectral
analysis of hormone responses, quantitative diagnosis, and protocol
optimization,  while  clearly  defining  the  objectives,  evaluation
metrics,  and  data  requirements  for  each  task,  thereby  laying  the

foundation  for  cross-study  comparisons  and  model  transferability.
Second,  we  should  establish  comprehensive  metadata  standards
and  technical  workflow  specifications  to  enhance  data's  compara-
bility  and  reusability[95].  By  standardizing  hyperspectral  imaging
acquisition parameters (such as spectral range, resolution, and light-
ing  conditions),  background  information  on  the  crop  (such  as  the
variety,  growth  stage,  and  management  practices),  and  hormone
application details (such as type, dose, and application method), we
can  establish  unified  data  preprocessing,  feature  extraction,  and
modeling  workflows  to  ensure  the  reproducibility  and  reliability  of
research  results  across  different  scenarios.  Finally,  we  should
construct  a  cross-scenario,  multicrop  spectral  reference  database,
which is key to enhancing models'  generalizability[96].  In the future,
we can also integrate hyperspectral data and physiological response
data from different crops, hormone types, and environmental condi-
tions  to  form  an  open,  shared  reference  dataset.  This  will  support
the  training  and  validation  of  data-driven  models,  such  as  deep
learning,  thereby  accelerating  the  practical  implementation  of
hyperspectral  technology  for  the  precision  management  of  plant
hormones. 
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