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Abstract: Accurate  3D  morphological  characterization  is  critical  for  precision  breeding.  However,  traditional  phenotyping
methods  suffer  from  inherent  limitations  such  as  low  efficiency  and  loss  of  dimensional  information.  To  overcome  these
limitations,  this  study  proposes  a  robust  three-dimensional  phenotypic  analysis  framework  based  on  the  monocular  Fringe
Projection  Profilometry  (FPP) method.  This  method  is  specifically  optimized  for  the  high-precision  measurement  of  young
plant leaf features. The framework employs a hybrid decoding strategy combining 12-step phase shifting with complementary
gray  codes  to  resolve  phase  ambiguity  and  reconstruct  dense  point  clouds  at  sub-millimeter  resolution.  It  addresses  the
problems of leaf occlusion and adhesion using the section segmentation method. Based on the Oriented Bounding Box (OBB)
method of principal component analysis (PCA) and Delaunay triangulation technology, it achieves precise quantification of key
phenotypic  parameters  such  as  leaf  length,  width,  inclination  angle,  and  area.  Systematic  verification  using  72  bitter  gourd
seedlings  as  samples  indicates  that  this  method  has  an  extremely  high  consistency  with  manual  measurement  results:  the
determination  coefficients  (R2)  for  leaf  length,  leaf  width,  and  leaf  inclination  angle  reach  0.9992,  0.9991,  and  0.9933
respectively, with corresponding root mean square errors (RMSE) as low as 0.68 mm, 0.54 mm, and 0.92°, and the R2 for leaf
area reaches 0.9996. This system achieves the complete process from raw scanning to parameter extraction in a low-cost, non-
contact,  and  semi-automated  manner,  providing  reliable  data  support  for  the  digital  perception  and  intelligent  grading
standardization of seedling growth dynamics in precision breeding.
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 1    Introduction

High-throughput  and  non-destructive  acquisition  of  crop
phenotypes  is  the  core  engine  of  modern  smart  agriculture  and
precision  breeding[1].  However,  traditional  seedling  phenotyping
primarily  relies  on  destructive  sampling  and  subjective  manual
measurement.  This  approach  is  not  only  inefficient  but  also
incapable  of  conducting  continuous  growth  monitoring  on
individual  plants[2].  With  technological  advancement,  image-based
phenotyping  techniques  have  gradually  supplanted  traditional
methods[3].  Nevertheless,  existing  two-dimensional  imaging
technologies  are  limited  by  viewing  angles  and  imaging  modes,

making  it  challenging  to  accurately  measure  key  seedling
phenotypic  parameters[4,5].  This  is  particularly  true  for  seedlings,
such as bitter gourds, which exhibit high leaf curvature and variable
stem  inclinations.  Accurate  analysis  of  their  seedling  phenotypes
directly  determines  their  subsequent  stress  resistance  and  yield.
Therefore,  developing  a  technology  capable  of  precisely,  non-
destructively, and automatically parsing the morphological features
of bitter gourd seedlings from a three-dimensional perspective holds
significant  theoretical  value  and  practical  prospects  for  breaking
through  breeding  bottlenecks  and  achieving  standardized  seedling
grading.

In  recent  years,  visual-based  3D  reconstruction  technology  is
widely  hailed  as  a  new  approach  to  addressing  this  measurement
bottleneck. However, in practical applications, the existing solutions
are  often  found  to  struggle  in  striking  a  balance  between
reconstruction efficiency and spatial details, and there are still many
questionable  shortcomings  identified  in  terms  of  measurement
accuracy  and  stability.  For  example,  two  high-throughput
phenotyping platforms, MVS-Pheno V1 and MVS-Pheno V2, have
been  developed  by  Wu  et  al.[6,7],  based  on  the  principles  of  multi-
view  stereo  3D  reconstruction,  enabling  automated  measurement
and  phenotype  extraction  for  crops  such  as  maize.  However,  the
reconstruction  accuracy  was  seriously  undermined  by  their  huge
space  requirements  and  the  micro-vibrations  caused  by  turntable
rotation,  resulting  in  correlation  coefficients  of  only  0.87  for  leaf
width and 0.93 for leaf area, which were simply unable to meet the
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measurement  requirements  for  fine  phenotypes.  A  low-cost  3D
reconstruction system based on a binocular camera was proposed by
Gao et al.[8]. Although its shape extraction determination coefficient
was  measured  to  be  over  0.91,  it  was  shown  to  be  extremely
sensitive  to  lighting  variations.  In  addition,  its  high  computational
complexity  and  long  processing  time  were  regarded  as  making  it
completely  unsuitable  for  batch  measurement  of  large-scale
seedlings.  To  improve  efficiency,  an  autonomous  point  cloud
alignment method was presented by Yang et al.[9] and Hong et al.[10]

However, although a 0.9676 determination coefficient and 2.08 mm
RMSE  were  obtained  by  Hong  et  al.  in  fruit  measurement,  the
inability  to  solve  single-reconstruction  point  cloud  alignment  was
identified  as  their  core  problem.  The  leaf  point  cloud’s  average
absolute  distance  error  was  found  to  be  up  to  6  mm,  and  the
reconstruction  accuracy  remained  limited.  Similarly,  Paturkar  et
al.[11] and Li et al.[12,13] used the motion recovery structure algorithm
to  extract  phenotypic  parameters.  Although  the  determination
coefficient  of  leaf  length  and  stem  height  in  Paturkar’s  study
reached  0.97  and  0.99  respectively,  and  Li’s  study  achieved  a
determination  coefficient  of  0.989  in  measuring  corn  leaf  length,
this  method  based  on  multiple  views  is  extremely  dependent  on
multiple  image  sequences  and  has  extremely  high  computational
complexity.  It  becomes  inadequate  when  dealing  with  large-scale
sampling  scenarios.  Recently,  the  emerging  neural  rendering
technology  has  also  been  introduced  into  this  field.  Zhu  et  al.[14]

proposed a phenotypic pipeline that combines neural radiance fields
with  path  analysis.  However,  this  method  not  only  has  a  lengthy
post-processing  process  and  is  susceptible  to  environmental
interference,  but  also  has  poor  geometric  accuracy.  The
determination  coefficient  of  the  model  traits  and  the  real  traits
fluctuates  only  between  0.89  and  0.98.  In  addition,  Jiang  et  al.[15]

used  three-dimensional  Gaussian  speckle  (3DGS)  to  enable  the
measurement of various phenotypic traits,  including the number of
bolls, volume, plant height, and canopy size. A key limitation of this
approach  was  its  reliance  on  multi-angle  acquisition,  and  it  also
exhibited low geometric accuracy.

In conclusion, although the existing 3D morphological analysis
techniques have made significant progress, they often have to make
a  trade-off  between  reconstruction  efficiency  and  spatial  details,
especially  when  dealing  with  the  complex  non-rigid  structures  of
young  plants.  To  address  these  technical  bottlenecks,  this  study
developed a high-speed 3D measurement system. Firstly, the system
employs a hybrid encoding and solving phase strategy to reconstruct
the plant point cloud with sub-millimeter accuracy. Then, the cross-
sectional segmentation algorithm is used to separate the leaves from
the  stems and the  background.  Finally,  a  framework for  extracting
phenotypic  characteristics  is  proposed  for  the  leaf  phenotypes  of
bitter  gourd.  Phenotypic  characteristics  such  as  leaf  length,  leaf
width,  leaf  area,  and  leaf  inclination  are  directly  and  precisely
quantified  from  the  reconstructed  point  cloud.  This  research  not
only achieves a semi-automated transition from raw scans to precise
parameter extraction. Moreover, it also provides a low-cost and high-
precision solution for the digital perception of the growth dynamics
of seedlings in precision agriculture.

 2    Materials and methods
 2.1    Overall test plan

A feasible  experimental  protocol  was  established  to  achieve  a
high-precision  and  high-density  point  cloud  model.  Firstly,  a
monocular  structured-light  system  was  constructed.  Next,  high-
precision  system  calibration  was  performed.  Subsequently,  three-

dimensional  reconstruction  experiments  were  conducted.  Finally,
the  three-dimensional  measurement  data  were  compared  with
traditional  manual  measurement  results.  The  schematic  diagram of
the  study  is  shown  in  Figure  1:  (1) Manual  measurement  of  leaf
length  and  width  parameters.  (2) Measurement  of  leaf  area  using
two-dimensional imaging method. (3) Manual measurement of leaf
inclination angle.
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Figure 1    Seedling leaf phenotype measurement schematic diagram
 

 2.2    Experimental materials and platform setup
The  72  bitter  gourd  seedling  samples  used  in  this  experiment

were  provided  by  the  Ganzhou  Sub-center  of  the  China  Vegetable
Quality  Standards  Center.  The  height  and  leaf  count  of  each
seedling met  the commercial  seedling release standards.  To ensure
the  consistency  and  accuracy  of  the  measured  parameters,  the
analysis  was  strictly  limited  to  the  two largest  true  leaves  on  each
plant[16].  To  systematically  evaluate  the  reliability  of  3D
reconstruction technology for measuring leaf phenotypic parameters,
a  procedure  was  adopted  that  involved  non-destructive  3D
reconstruction first, followed by destructive manual measurement.

Existing  passive  imaging-based  3D  reconstruction  methods
often struggle with objects like seedling leaf, which feature uniform
textures and complex geometries[17]. Difficulties in feature matching
in  these  methods  often  lead  to  sparse  point  clouds,  lengthy
computation  times,  and  compromised  accuracy[18].  To  address  this
bottleneck,  an active light-coding structured light  3D measurement
technique  was  employed.  A novel  technical  pathway  for  acquiring
high-density,  high-precision  3D  point  clouds  of  seedlings  was
enabled  by  this  method,  which  leverages  its  capability  to  actively
assign highly distinctive light field codes to objects.

Structured  light  technology  is  developed  from  stereoscopic
vision  methods,  drawing  on  principles  of  binocular  vision[19].  One
camera  is  replaced by a  projector  to  actively  project  encoded light
spots  or  fringes  onto  the  target  object,  thereby  artificially  creating
feature  points.  The  system  is  primarily  composed  of  a  camera,  a
projector, and a computer. The encoded pattern is projected onto the
object’s  surface,  where  it  was  deformed.  Images  of  the  distorted
pattern  are  then  captured  by  the  camera.  Finally,  the  deformation
information  is  decoded  from  the  pattern  by  the  computer,  and,  in
combination  with  the  system’s  geometric  parameters,  the  three-
dimensional morphology of the object is calculated.

This  study establishes  a  monocular  structured  light  system for
seedling  phenotyping  experiments.  The  schematic  diagram  of  a
monocular structured light system is shown in Figure 2.

The  system  consisted  primarily  of:  a  camera  (Baumer
HXC20NIR; 2048×1088 resolution), a camera lens (VS-3514H1), a
digital  projector  (TIDLP6500;  1920×1080  resolution),  and  a
computer (equipped with a 12th Gen Intel(R) Core(TM) i5-12400F
2.50  GHz  CPU,  32  GB  of  RAM,  and  a  64-bit  operating  system).
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The horizontal distance between the camera and projector was set at
approximately 240 mm. The camera was positioned about 580 mm

from  the  test  sample,  while  the  projector  was  approximately  540
mm away.
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Figure 2    Monocular structured light systems
 

The  monocular  structured  light  experiment  platform  was  built
according  to  the  schematic  diagram.  With  this  arrangement,  the
pattern from the projector was ensured to be fully projected onto the
sample  surface  and  entirely  captured  by  the  camera.  The
experiments were conducted in a dimly lit environment to minimize
interference from ambient light on the system.

A calibration  procedure  was  performed to  precisely  determine
the internal parameters (including focal length, principal point, and
distortion coefficient) and external  parameters (i.e.,  rotation matrix
and  translation  vector)  of  the  camera  and  projector.  An  accurate
mapping  model  from  two-dimensional  phase  information  to  three-
dimensional spatial coordinates was established.

The  calibration  accuracy  was  evaluated  primarily  based  on
reprojection  error.  Excellent  performance  was  achieved  by  the
calibration  results,  with  average  reprojection  errors  of  0.04  pixels
for  the  camera  and  0.08  pixels  for  the  projector.  The  reliability  of
the parameters was thus demonstrated, laying a solid foundation for
subsequent high-precision 3D reconstruction.
 2.3    High-precision phase acquisition and solution algorithms
 2.3.1    Principle of the multi-step phase shift method

In  this  study,  a  monocular  structured  light  3D  reconstruction
scheme  based  on  FPP  was  employed.  The  core  principle  involved
projecting  N  phase-shifted  sinusoidal  fringe  patterns  onto  the
surface of  the object  under  measurement.  The fringe patterns were
actively  modulated  by  variations  in  the  surface  elevation  of  the
object, resulting in deformations that were directly related to height
information.  The  deformed  fringe  patterns  were  subsequently
captured  by  a  camera.  By  combining  the  acquired  fringe  patterns
with the geometric parameters of the system, the spatial coordinates
of the object’s surface were determined. The inherent limitations of

traditional  passive  vision  methods,  which  rely  on  natural  texture
features  for  matching,  were  fundamentally  circumvented  by  this
approach.  The  mathematical  expression  for  the N-step  phase  shift
was:

I p
k (up,vp) = Ap +Bp · cos[ϕp(up,vp)+2πk/N] (1)

Bp ϕp(up,vp)

where, N=3,  4,  5,  6,  ...,  12  represents  the  number  of  phase  shift
patterns,  k=0,  1,  2,  ...  N–1;  Ap  represents  the  background  light
intensity;    represents  the  modulate  amplitude; 
represents the projector initial phase.

These  computer-generated  phase  shift  patterns  were  projected
onto  the  surface  of  the  object  under  test  via  a  projector,  and  the
deformed  phase  patterns  were  captured  by  the  camera.  The  light
intensity of  the kth image captured at  the camera pixel  point (x, y)
was:

Ic
k (x,y) = A(x,y)+B(x,y) · cos[Φ(x,y)+2πk/N] (2)

Φ(x,y)

φ(x,y)

where,    represents  the absolute  phase that  carries  the height
information of  the object  and the phase objective to  be solved.  By
forming  a  system  of  equations  from  N  images,  the  parcel  phase

  can  be  solved  using  the  principle  of  least  squares.  The
formula is as follows:

φ(x,y) = arctan

[
N−1∑
k=0

Ic
k sin

(2πk
N

)¡ N−1∑
k=0

Ic
k cos

(2πk
N

)]
(3)

φ(x,y) (x,y) Ik

(x,y)

where,   represents the wrapped phase at pixel point  ; 
represents the grayscale value of the phase-shifted sinusoidal stripe
pattern  at  pixel  point    in  the  kth  frame;  N  represents  the
number of phase shift steps, which is the number of sine fringes in
the projection.
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(−π,π]

φ(x,y)

Since  the  wrapped  phase  was  calculated  based  on  the
arctangent  function,  the  calculated  values  were  restricted  to  the
range  . Consequently, phase unwrapping was required. A 12-
step  phase  shift  was  adopted  in  this  study.  Compared  to  the
commonly  used  three-step  or  four-step  phase  shifts,  phase  errors
caused by the nonlinear responses of the projector and camera were
significantly  suppressed  by  this  method,  thereby  enabling  the
acquisition of a higher precision wrapped phase  .
 2.3.2    Gray  code  and  complementary  gray  code  combined  with
phase unwrapping

φ(x,y)In  order  to  restore  this  periodic  wrapped  phase    into  an
absolute  phase  corresponding  one-to-one  with  the  object  surface
height,  phase unwrapping must  be performed.  Although traditional
temporal  phase  unwrapping  methods  are  reliable,  they  require
projecting  a  greater  number  of  fringe  sequences  with  different
frequencies,  which  affects  measurement  efficiency[20].  Therefore,  a
high-efficiency  and  high-robustness  gray  code-assisted  phase
unwrapping strategy was adopted. Gray code is defined as a special
binary  encoding  in  which  only  one  bit  changes  between  adjacent
code  words.  This  characteristic  results  in  the  minimization  of
decoding  errors  at  boundaries.  A  unique  identifier  (fringe  order k)
for  each  period  of  the  wrapped  phase  is  provided  by  gray  codes,
thereby  enabling  the  resolution  of  periodic  ambiguity  in  phase

unwrapping.
In this study, four-bit gray codes plus one complementary gray

code were employed for the phase unwrapping process. To uniquely
encode  16  fringe  periods,  four  gray  code  patterns  were  projected.
The binary boundary of the traditional  gray code was aligned with
the  2π  phase  jump  boundary.  In  practical  applications,  weak
textures,  reflections,  noise,  and high-gloss  areas  were  exhibited  by
seedling surfaces. Binarization judgments in these boundary regions
are  prone  to  errors,  leading  to  “step  jump”  errors  during  phase
unwrapping.  To  address  this  issue,  an  additional  fifth  gray  code
pattern—the  complementary  gray  code—was  projected  by  this
method. The stripe width of this pattern was designed to be half that
of the standard phase shift stripe period. Its purpose was defined as
generating a  set  of  phase information offset  from the original  gray
code  boundaries.  As  shown  in  Figure  3a,  the  multi-step  phase-
shifted  sine  grating  pattern  (1),  gray  code  pattern  (2),  and
complementary gray code pattern (3) are projected onto the surface
of the object. A jagged, discontinuous pattern was exhibited by the
obtained  wrapped  phase.  A  unique  periodic  sequence  number  was
assigned  to  each  pixel  by  the  addition  of  gray  codes,  thereby
enabling  the  unwrapping  of  the  wrapped  phase  into  a  continuous
absolute phase.
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Figure 3    Schematic diagram of the phase settlement process
 

Additionally,  due  to  ambient  light  interference  and  surface
reflections,  one  fully  black  and  one  fully  white  pattern  were
projected. These were used to filter out ambient light and noise, and
to  provide  binarization  thresholds  for  the  gray  code  images,
enabling  pixel-wise  adaptive  thresholding  and  improving  the
robustness of gray code decoding.

k1(x,y)

k2(x,y)

Two  fringe  orders  were  calculated:    was  obtained  by
decoding  the  first  four  gray  codes,  identifying  the  primary  fringe
periods;   was obtained by decoding the four gray codes and
the  complementary  gray  code.  Due  to  the  presence  of  the

k2

k1

complementary gray code, the boundary of   was offset  by half  a
period from the boundary of  .

φ(x,y)
k1,k2 Φ(x,y)

Combined with the previously obtained wrapped phase 
and  the  two  fringe  orders  ,  the  absolute  phase    was
calculated using a complementary decoding strategy:

Φ(x,y) =


φ(x,y)+2π · k2(x,y), if φ(x,y) ≤ −π/2
φ(x,y)+2π · k1(x,y), if −π/2 < φ(x,y) < π/2

φ(x,y)+2π · k2(x,y)−2π, if φ(x,y) ≥ π/2
(4)

Φ(x,y) φ(x,y)where,    represents  the  decoded  absolute  phase, 
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k1,k2represents  the  obtained  wrapped  phase,  and    represent  the
decoding  stages  of  gray  code  and  complementary  gray  code,
respectively.

φ

(−π/2,π/2) k1 φ

≥ π/2 or ≤ −π/2 k2

k1

k2

k1

k2

The  core  idea  of  this  formula  is  to  avoid  error-prone
boundaries.  When  the  wrapped  phase    is  located  in  the  central
stable  region  ,    is  used  for  calculation.  When    is
close  to  the  boundaries  ,    is  used.  In  this  way,
the  phase-unwrapping  operation  is  completely  removed  from  the
gray  code  boundary  regions,  which  had  been  prone  to  errors  in
traditional  methods,  and  order  jump  errors  were  eliminated  at  the
source.  As  shown  in  Figure  3b,  the  phase-solving  process  was
diagrammed. The sawtooth-like wrapped phase was converted into
a continuous absolute phase by combining order   (from gray code
decoding) and order   (from complementary gray code decoding).
As  shown  in  Figure  3b,  the  parcel  phase  computed  by  the  phase
shift pattern, gray code decoding order  , and complementary gray
code  decoding  order  .  In  Figure  3c,  boundaries  offset  from  the
other  gray  codes  were  possessed  by  the  complementary  gray  code
shown, providing an auxiliary mechanism to participate in the phase
reconstruction process.

To this  end,  sine  grating patterns  and gray code patterns  were
projected  in  both  the  vertical  and  horizontal  directions  onto  the
seedling  surface.  This  projection  was  performed  to  increase  the
spatial resolution of the seedling reconstruction. Twelve-step phase
shift  patterns  were  projected  to  ensure  phase  extraction  accuracy,
complementary  gray  codes  were  projected  to  resolve  phase

unwrapping  boundary  errors,  and  fully  black/white  images  were
projected  for  adaptive  noise  filtering  and  binarization.  Combined
with  dual-direction  projection,  which  further  improved  spatial
resolution,  the  high  precision  and  robustness  of  the  final  3D
reconstruction results were collectively ensured by these measures.

 3    Experimental  validation  and  phenotypic
measurement
 3.1    Reconstructing seedling 3D point clouds

Based  on  the  principle  of  N-step  phase  shift  and  gray  code
decoding,  the  3D  point  cloud  of  the  seedling  was  reconstructed
using  fringe  projection  profiling.  According  to  Equation  (3),  the
wrapped phase patterns were synthesized from the sinusoidal fringe
patterns that had been captured after being deformed by the surface
of the measured object, as shown in Figure 4

(−π,π]

Figure 4a represents the phase of the parcel  obtained from the
projected  sinusoidal  grating  pattern.  This  was  a  pseudo-color  map
with  significant  color  jumps  at  the  edges  of  the  object  or  at  sharp
changes  in  height.  It  was  a  series  of  distorted  stripe  patterns  that
have  been  highly  modulated  by  the  object  surface,  and  the
computed  phase  values  were  constrained  to  be  between  .
Combining the projected gray code pattern and the complementary
gray  code  pattern,  the  wrapped  phase  was  resolved  into  a
continuous absolute phase. The absolute phase 3D map is shown in
Figure 4b.
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Figure 4    Phase unwrapping result
 

Continuous and smooth color distribution was exhibited by this
map. The solved phase was constituted as a continuous, one-to-one
phase field corresponding to the height of the object’s surface, with
each  phase  having  a  unique  corresponding  3D  spatial  point.  The
spatial  coordinates  of  each phase point  were  directly  calculated by
combining  the  parameters  of  the  camera  and  projector.  The
modulation pattern mask map is shown in Figure 4c.

The binary image was obtained by threshold filtering based on
the  modulation  regime  (Figure  4c).  The  contrast  of  the  sinusoidal
stripe  pattern  received  at  each  pixel  point  is  reflected  by  the
modulation  regime.  Better  stripe  contrast,  higher  signal-to-noise

ratio, and more reliable phase calculation are indicated by a higher
modulation  regime,  and vice  versa.  The  accuracy of  the  resolution
process, characterized by the absence of jump errors and good phase
continuity,  is  reflected  by  the  combination  of  the  absolute  phase
map and the modulation mask map.

Finally,  the  3D morphology  of  the  whole  seedling  leaves  was
presented with point cloud data, as shown in Figure 4d.

The point cloud reconstruction was good, the texture was clear,
and  the  reconstruction  process  was  basically  successful.  The  total
time  required  to  reconstruct  the  point  cloud  of  the  bitter  gourd
seedling  leaves  via  the  12-step  phase  shift  method  was  15.7  s.  As
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overlapping  parts  between  bitter  melon  seedling  leaves  were
observed,  and  the  background  was  also  reconstructed,  which
seriously interfered with the measurement process, therefore it was
necessary to separate the leaves of  bitter  melon seedlings from the
seedling  point  cloud.  When  common  point  cloud  segmentation
algorithms were used to segment the leaf point cloud, the effect was
not  obvious.  Consequently,  clustering  segmentation  was  employed
to  separate  the  leaf  point  cloud  from  the  seedling  point  cloud,
thereby facilitating the subsequent characterization of its shape.

 4    Three-dimensional  geometric  definition  and
computational methods for leaf phenotypic parameters
 4.1    Methods for leaf phenotypic parameters
 4.1.1    Point cloud preprocessing

After  a  dense  and  high-quality  3D  point  cloud  of  the  whole
seedling was obtained, subsequent measurements of leaf phenotypic
parameters had to be performed on individual,  separated leaf point
clouds[21].  Therefore,  an  interactive  cross-sectional  segmentation
method  implemented  in  Cloud  Compare  (point  cloud  processing
software) was adopted to accurately extract the target leaf from the
complex plant  background in this  study.  The main implementation
steps of this scheme were as follows:

Firstly, based on the spatial location and geometric features of
the target leaf, a 3D clipping box for the external contour of the leaf
is interactively defined. This allows for rapid focusing on the target
point  cloud  and  provides  an  initial  operating  plane  for  subsequent
precise  segmentation.  Then,  using  the  clipping  tools  provided  in
CloudCompare,  one  or  more  cutting  planes  approximately  parallel
to  the  main  plane  of  the  leaf  are  defined.  The  position  and
orientation of the planes are adjusted so that  they pass through the
connection between the leaf and the petiole. The tool automatically
retains  all  point  cloud  data  on  one  side  of  the  cutting  plane  while
deleting  data  on  the  other  side.  Through  these  operations,  the  leaf
point cloud is completely segmented from the seedling point cloud.

Individual  point  cloud  data  segmented  from  the  whole  plant
inevitably  contains  noise  introduced  during  the  measurement
process[22]. Due to high-reflection areas on the seedling leaf surface,
the  phase  fringe  patterns  at  edges  or  depth  mutations  are  prone  to
distortion, and jump errors can be produced by gray code decoding.
This leads to calculation errors for individual point phases, resulting
in “flying  points” deviating  from the  true  surface.  Simultaneously,
“floating  points”  may  appear  in  the  calculated  3D  coordinates  at
object  boundaries  due  to  background  light  interference.  If  left
unprocessed, these outliers seriously affect the quality of subsequent
triangular  mesh  reconstruction  and  the  accuracy  of  phenotypic
parameter calculations.

k

µ σ

µ+ασ α

To address these issues, the Statistical Outlier Removal (SOR)
algorithm was employed to filter the raw point cloud in this study.
The core principle of this algorithm was that on a real  surface,  the
local  spatial  distribution  was  dense  and  uniform,  whereas  outliers
exhibit  significantly  different  spatial  isolation  from  surrounding
points.  The  algorithm  calculated  the  average  distance  from  each
point  to  its    nearest  neighbors  and  analyzed  the  statistical
characteristics of the distance distribution for the entire point cloud
(such  as  the  mean    and  standard  deviation  ).  A  distance
threshold  was  set  (typically  ,  where    was  a  scale  factor).
Points  with  an  average  distance  exceeding  this  threshold  were
identified  as  outliers  and  filtered  out.  For  complete,  continuous
point  cloud  surfaces  like  seedling  leaf,  the  SOR  algorithm
effectively  identified  and  eliminated  abnormal  points  caused  by

phase  calculation  errors  or  optical  interference,  significantly
improving point  cloud data  quality  and providing robust  assurance
for  subsequent  mesh  reconstruction  and  geometric  parameter
calculation.
 4.1.2    Measurement of leaf phenotypic parameters

Leaves  are  the  primary  organs  for  plant  photosynthesis.  A
larger  leaf  area  is  correlated  with  stronger  photosynthesis  per  unit
time and more synthesized carbohydrates, providing more adequate
nutrients  for  seedling  growth  and  development[23].  Leaf  inclination
reflects the spatial extension posture and degree of opening/closing
of  the  leaf.  Ideally,  the  leaf  inclination  allows  the  leaf  to  receive
light  at  the  optimal  angle  and  avoid  mutual  shading[24].  Abnormal
leaf inclination may result in sagging or curling of the leaf, directly
affecting  photosynthetic  efficiency.  To  measure  these  leaf
phenotypic  parameters,  a  generalized  method  for  measuring  leaf
phenotypes was proposed in this study.

As  shown  in  Figure  5,  the  measurement  of  leaf  phenotypic
parameters  included  leaf  length,  leaf  width,  and  leaf  inclination.
Leaf length is defined as the longest distance from the leaf tip to the
leaf root, and leaf width is defined as the longest distance between
the  two  ends  of  the  leaf.  Leaf  inclination  is  defined  as  the  angle
between  the  normal  vector  of  the  leaf  plane  and  the  neutral
(vertical) direction.
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Figure 5    Schematic diagram of leaf phenotype measurement
 

 4.1.3    Point  cloud  measurement  scheme  based  on  principal
component analysis

In  this  study,  the  “three-dimensional  Oriented  Bounding  Box
(OBB)” method based on principal component analysis (PCA) was
used. This method is employed to determine the main directions of
extension  of  the  leaf  point  cloud  in  space.  The  first  principal
component  direction  is  defined  as  the  leaf  length,  and  the  second
principal component direction is defined as the leaf width. The OBB
is defined as the smallest rectangle along these principal directions
that  could  completely  encapsulate  the  point  cloud,  and  its
dimensions  were  taken  as  the  leaf  length  and  leaf  width.  For  leaf
inclination measurements, the normal vector of the leaf point cloud
is  calculated  first.  Then  the  angle  between  it  and  the  vertical
direction is calculated. This angle is used to reflect the extension of
the  leaf  in  space.  The  axes  of  the  wrapping  box  were  defined  by
utilizing the eigenvalues derived from the covariance matrix of the
cluster  points.  This  approach established a  local  coordinate  system
aligned  with  the  point  distribution,  which  was  essential  for  the
subsequent dimensional measurement.

z = f (x,y) (x,y)

Since there was no ready-made method to calculate the area of
a  discrete  point  cloud,  it  needed  to  be  converted  into  a  mesh  for
calculation[25].  Furthermore,  because  the  seedling  leaf  point  cloud
was  derived  from  a  single-viewpoint  scan,  the  data  could  be
represented  as  a  function  ;  that  was,  for  every 

　196 　 August, 2026 Int J Agric & Biol Eng　　　Open Access at https://www.ijabe.org Vol. 19 No. 4　

https://www.ijabe.org


z
coordinate  on  the  reference  plane,  there  was  one  and  only  one
corresponding    value.  Given  this  characteristic,  a  Delaunay  2.5D
triangulation algorithm based on principal components was used to
fit the mesh plane[26].

P = {pi}Ni=1

The principle of this algorithm assumes a given point cloud set
. Firstly, its covariance matrix C was calculated:

C = 1/N
N∑

i=1

(pi − p̄)(pi − p̄)T, p̄ = 1/N
N∑

i=1

pi (5)

N pi

i− th p̄
where,    represents  the  total  number  of  points;    represents  the
coordinate  of  the   3D point;  and    represents  the  centroid  of
the point cloud and the average value of all point cloud coordinates.

C

ni

The covariance matrix  , calculated through Equation (5), was
used  so  that  the  eigenvector  corresponding  to  the  smallest
eigenvalue  was  taken  as  the  normal  vector    of  that  point.  The
normal  vectors  calculated  in  the  three  directions  were  taken as  the
reference  coordinate  axes.  Subsequently,  the  center  of  mass  and
dimensions  of  the  package  box  were  determined.  This  approach
enabled  the  measurement  of  the  leaf  length  and  width  for  the
smallest packaging box.

nThe  overall  normal  vector    of  the  leaf  was  obtained  by
averaging the normal vectors of all points and normalizing them:

navg = 1/N
N∑

i=1

ni (6)

C
n

n · (X− p̄) = 0
pi

Eigen  decomposition  was  performed on  the  covariance  matrix
,  and  the  eigenvector  corresponding  to  the  smallest  eigenvalue

was  taken  as  the  normal  vector    of  the  best-fitting  plane.  This
plane  was  defined  as  .  On  this  plane,  the  sum  of
squared  Euclidean  distances  from  all  points    to  the  plane  was
minimized, thereby describing the overall spatial trend of the point
cloud.

n
Q = {qi}Ni=1

Then,  the  3D  point  cloud  set  P  was  projected  orthogonally
along  the  normal  vector    onto  this  fitting  plane  to  obtain  a  2D
point  set  ,  establishing  a  mapping  relationship  between
the 3D spatial point cloud and the 2D planar point set.

Q

Q

Subsequently,  meshing  was  performed  by  executing  the
Delaunay  triangulation  algorithm  on  the  2D  point  set  .  This
algorithm  followed  the  empty  circumcircle  property,  meaning  that
the  circumcircle  of  any  triangle  did  not  contain  any  other  points
from  the  point  set  .  This  criterion  ensured  the  max-min  angle
property  of  the  mesh  elements,  generating  triangular  facets  with
excellent morphology.

M

Finally, the 3D mesh was generated by mapping the vertices of
the  triangular  mesh  on  the  2D plane  back  to  the  original  3D point
cloud coordinates,  thereby generating  the  final  3D triangular  mesh
surface  .

The leaf inclination angle,  an important phenotypic parameter,
was defined as the angle of the leaf relative to the vertical direction.
An accurate calculation method for  leaf  inclination angle based on
the normal vector of three-dimensional point clouds was proposed.

θ

[0◦,90◦]

The leaf  inclination angle   was defined as the angle between
the normal vector of the leaf surface and the direction of gravity. Its
range of  values was  .  The inclination angle was calculated
as follows:

θ = arccos(|nx ·0+ny ·0+nz ·1|) = arccos(|nz|) (7)

θ n = [nx,ny,nz]
Twhere,    is  the  inclination  angle,  (°);    is  the  unit

normal vector on the surface of the leaf.  The leaf inclination angle
was only related to the z-component of the normal vector.

 4.2    Multi-step phase shift experiments and measurements

N ≥ 3

Through the steps described above, the conversion of physical
seedlings  into  point  clouds  and  mesh  maps  via  fringe  projection
profiling  was  fundamentally  realized,  facilitating  subsequent
measurement  and  analysis.  According  to  Equation  (4),  point  cloud
data  could  also  be  reconstructed by changing the  number  of  phase
shift  patterns N,  provided that  .  Theoretically,  as  the number
of  phase  shift  steps  increases,  anti-interference  capability  is
strengthened,  phase  extraction  precision  is  improved,  and  both
reconstruction  quality  and  measurement  accuracy  are  increased.
Figure  6  shows  a  visual  comparison  of  reconstruction  results  and
measurement data of the same leaf under different phase shift steps.

To ensure a fair comparison of the reconstruction performance
across  different  phase  shift  steps  without  introducing  sample  bias,
the same set of leaves was reconstructed using the three-step, four-
step, six-step, and 12-step phase-shifting methods in this study. The
phase  shift  increments  were  uniformly  distributed  across  all  step
numbers  (e.g.,  the  12-step  method  had  a  step  interval  of  30°).
Furthermore,  to  ensure  that  the  image  acquisition  process  did  not
introduce  additional  systematic  errors,  the  number  of  images  was
varied  by  maintaining  an  integer  multiple  of  the  step,  thereby
effectively  controlling  a  single  variable.  This  allowed  for  a  more
scientific  and  clear  investigation  into  the  effect  of  increasing  the
number  of  phase  shift  steps  on  suppressing  systematic  nonlinear
errors and high-frequency errors.

As  shown,  Figure  6a  presents  a  point  cloud  of  leaves
reconstructed under a three-step phase shift pattern, a grid map, and
a  real  measured  point  cloud  leaf  width  and  leaf  length;  Figure  6b
presents  a  point  cloud  of  leaves  reconstructed  under  a  four-step
phase shift pattern, a grid map, and a real measured point cloud leaf
width  and  leaf  length;  and  Figure  6d  presents  a  point  cloud
reconstructed under a 12-step phase shift pattern, a grid map, and a
real measured point cloud leaf width and leaf length.

As  shown  in  the  measurement  data  in  Figure  6,  the  first
principal component direction was indicated by the red line, and the
length measured along this direction was defined as the leaf length.
Conversely, the second principal component direction was indicated
by  the  green  line,  and  the  corresponding  measured  length  was
defined as  the  leaf  width.  For  the  measurement  of  leaf  inclination,
the  normal  vector  of  the  leaf  surface  was  calculated,  and  its  angle
relative to the z-axis was then determined.

The  validity  and  reliability  of  the  proposed  3D  measurement
method  for  leaf  phenotypic  characteristics  are  verified  through  an
analysis of the experiment. Manual measurements are performed for
leaf  length,  leaf  width,  and  leaf  inclination.  Tools  such  as  vernier
calipers  and protractors  are  used  to  obtain  ground truth  values.  To
mitigate  errors  that  are  inevitably  introduced  during  the
experimental process, multiple measurements are taken to minimize
these errors and ensure that the obtained ground truth values are as
accurate as possible. In Table 1 the measured values for leaf width,
length, and inclination across 67 sets of data are presented. For leaf
area  measurement,  since  manual  measurement  was  cumbersome
and  prone  to  error,  a  mature  2D  image  method  was  employed.
However, due to the significant curvature of the young bitter gourd
leaves,  traditional  measurement  methods  were  often  challenged  by
numerous  difficulties.  In  this  study,  the  two-dimensional  imaging
method  was  employed  to  obtain  the  leaf  area  as  the  ground-truth
reference for comparison. Non-destructive measurement technology
was  utilized  to  acquire  the  original  image  data  of  the  young  bitter
gourd  leaves.  To  mitigate  the  influence  of  leaf  curvature  on  the
measurement  results,  after  the  non-destructive  measurement,  the
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leaves  were  cut  and  flattened.  Subsequently,  photography  of  the
flattened  leaves  was  performed,  and  the  leaf  area  was  then
calculated.  The  image  acquisition  was  performed  using  an  iPhone

16  Pro  Max  equipped  with  a  48-megapixel  rear  camera.  The
software utilized for leaf image capture was LeafByte[27-29],  an IOS-
based application specialized for measuring leaf area.
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Figure 6    Visual comparison of the point cloud, mesh, and measurement data of the same leaf reconstructed using multiple-step phase-
shifting methods (3-step, 4-step, 6-step, and 12-step)

 
 

Table 1    Manually measured leaf width, leaf length, and leaf
inclination angle values

Seedling number Leaf width/mm Leaf length/mm Leaf inclination/(°)
1 63.4 68.4 13.5
2 54.7 60.1 11.7
3 41.8 49.8 23.6
4 38.3 40.7 17.3
5 61.9 78.0 19.7
6 44.1 56.5 15.3
7 54.2 71.5 11.9
8 56.0 68.7 11.6
9 65.1 72.1 14.3
10 55.3 48.5 12.6

 5    Results and discussion
 5.1    Analysis of results

R2

The accuracy  of  reconstructing  seedling  leaves  and  measuring
their  phenotypic  parameters  using  fringe  projection  profiling  was
verified  by  measuring  the  reconstruction  results  and  comparing
them with ground truth values. In this study, the impact of different
phase  shift  steps  on  the  extraction  accuracy  of  seedling  leaf
phenotypic  parameters  was  primarily  evaluated.  The  coefficient  of
determination  ( )  and  root  mean  square  error  (RMSE)  were
selected  as  core  evaluation  metrics  to  quantitatively  analyze  four
key phenotypic parameters—leaf length, leaf width, leaf inclination,
and  leaf  area—from  the  two  dimensions  of  linear  goodness-of-fit

and absolute measurement precision.

R2

R2

R2

R2

Leaf  length  and  leaf  width  are  fundamental  morphological
parameters  describing  seedling  growth  status.  Figure  7  shows  the
regression analysis results of the measured values versus the ground
truth  values  for  these  two  parameters,  respectively.  Regarding  the
analysis of leaf length results, an   of 0.9941 and an RMSE of 1.0
mm  were  obtained  using  the  three-step  phase  shift  algorithm.
Although  a  strong  correlation  was  observed,  some  data  points
(particularly  in  the  50-60  mm  range)  were  found  to  deviate
significantly  from  the  regression  line  in  the  scatter  plot.  These
deviations were primarily attributed to the substantial edge noise at
the leaf tip and petiole in the point  cloud reconstructed with fewer
phase  shift  steps,  which  led  to  errors  in  the  Minimum  OBB
calculation.  As  the  phase  shift  steps  increased  to  12,  measurement
precision improved significantly. The   increased to a near-perfect
0.9992, and the RMSE decreased to 0.68 mm. From the scatter plot,
the  measurement  results  were  observed  to  almost  perfectly  align
with  the  regression  line,  indicating  that  the  12-step  phase  shift
accurately  restores  the  axial  dimensions  of  the  leaf.  Regarding  the
analysis of leaf width results, high consistency with the leaf length
trends was observed in the data. The RMSE for the three-step phase
shift was 1.08 mm with an   of 0.9882, while the RMSE for the 12-
step  phase  shift  was  0.54  mm  with  an    of  0.9991.  For  one-
dimensional linear measurements, although the three-step and four-
step phase shift methods can meet routine agricultural measurement
needs by controlling errors within 1 mm, the 12-step phase shift was
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considered the optimal choice for fine phenotypic research requiring the capture of minute growth changes.
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Figure 7    Measurement and ground truth data comparison chart of leaf length and leaf width
 

R2

In plant physiology and agricultural research, accurate leaf area
measurement  is  crucial  for  assessing  plant  growth  status,
photosynthetic  efficiency,  and  resource  allocation.  Errors  can  be
reduced  to  some  degree  by  this  process,  yet  certain  measurement
biases  may  still  be  introduced.  To  more  comprehensively  evaluate
the  accuracy  of  the  measurement  results,  not  only  were  the
coefficient of determination   and root mean square error (RMSE)
calculated,  but  Bland-Altman  plot  analysis  was  also  introduced.
Bland-Altman  analysis  is  a  commonly  used  statistical  method  for
assessing the  agreement  between two measurement  techniques.  By
plotting  the  differences  between  the  measured  and  true  values
against  their  averages,  the  accuracy  and  consistency  of  the
measurement  results  can  be  visually  demonstrated.  The

measurement effects achieved by different methods were compared
as shown in Figure 8.

R2

R2

R2

As  shown  in  Figure  8a,  in  the  three-step  phase  shift
measurement  method,  the  RMSE  was  77.17  mm2  and  the   was
0.9916. Although the coefficient of determination   was high, the
large  RMSEs  indicated  a  systematic  deviation  in  area  estimation.
With  the  increase  in  steps  to  the  12-step  phase  shift,  the  RMSE
decreased to 29.47 mm2,  and the    increased to 0.9996.  It  can be
inferred  that  the  leaf  point  cloud  reconstructed  using  the  12-step
phase shift  method was smooth,  and the fitted mesh model closely
approximates the true leaf surface. Bland-Altman analysis of the 12-
step phase shift measurement results compared with the true values
is illustrated in Figure 8b.
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Figure 8    Leaf area measurement vs. ground truth
 

It can be observed from Figure 8b that all measured points were
located within the acceptable  error  range,  which demonstrated that

the measurement method employed had high accuracy and reliability.
Leaf inclination is regarded as a parameter reflecting the light-
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R2

receiving posture of the plant, and it was found to be the parameter
that  most  clearly  differentiated  algorithm  performance.  The
relationship between the measurement results obtained by different
methods  is  presented  in  Figure  9a.  In  the  three-step  phase  shift
mode,  the  measurement  results  were  observed  to  exhibit  extreme
dispersion, the coefficient of determination   was only 0.2988, and
the  RMSE  was  as  high  as  10.57°.  A  chaotic  distribution  of  the
scatter  points  was  observed,  indicating  that  no  obvious  linear

R2

relationship was found between the measured values and the ground
truth values. Although an improvement in the measured values was
achieved  with  the  four-step  and  six-step  phase  shifts,  significant
deviations were still present, and their scatter distributions remained
relatively divergent. The 12-step phase shift yielded the best results,
with the RMSE reduced to 0.92° and the   reaching 0.9933. These
results  confirm  that  measuring  the  leaf  surface  using  the  12-step
phase shift offers distinct advantages.
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b.RMSEs of four phenotypic parameters under

different measurement methods

a. Leaf inclination measurement vs. ground truth

Figure 9    Analysis of the measurement results of leaf inclination and the phenotypic parameter results
 

 5.2    Reliability analysis
Bland-Altman  agreement  analysis  and  Bootstrap  resampling

were introduced to further validate the reliability and robustness of
the 12-step phase-shifting method measurement results.

The consistency between the measurements obtained by the 12-
step phase-shifting method and the  true  values  measured manually
was  evaluated  using  the  Bland-Altman  method,  with  an  allowable
error set at within 4%. The results are listed in Table 2.
 
 

Table 2    Evaluation results using the Bland-Altman method

Index Average
difference/mm∙(°)–1

95% consistency
limits/mm∙(°)–1

Allowable
error (4%)

Agreement
assessment

Leaf length –0.59 [–1.23, 0.05] [–2.32, 2.32] Good
Leaf width –0.46 [–1.02, 0.10] [–2.05, 2.05] Good

Leaf inclination –0.72 [–1.87, 0.43] [–0.54, 0.54] Moderate
 

R2

The  95%  consistency  limits  of  the  leaf  length  and  leaf  width
were  found  to  be  completely  within  the  allowable  error  range,
indicating  that  good  consistency  was  observed  between  the  two
measurement methods. The consistency limit of the leaf inclination
angle  was  found to  partially  exceed the  allowable  range;  however,
high  accuracy  was  still  demonstrated  by  the  coefficient  of
determination  ( =0.9933)  and  the  root  mean  square  error
(RMSE=0.92°).  It  is  suggested  that  the  subsequent  measurement
algorithm for this parameter be further optimized.

The Bootstrap resampling method was employed to  assess  the
robustness of the 12-step phase shift measurement results, with the
resampling  frequency  set  at  1000  times.  The  mean  and  standard
deviation  of  the  RMSE  were  calculated  through  random  sampling
with  replacement,  providing  a  more  robust  accuracy  estimation
compared to a single RMSE. The measurement results are listed in
Table 3.

 

Table 3    Assessment results of the Bootstrap
resampling method

Index Sample
Original
RMSE/
mm3∙(°)–1

Bootstrap
mean/

mm3∙(°)–1

Standard
deviation/
mm3∙(°)–1

95% consistency
limits/mm3∙(°)–1

Leaf length 67 0.68 0.67 0.04 [0.59, 0.75]
Leaf width 67 0.54 0.54 0.03 [0.47, 0.61]

Leaf inclination 67 0.92 0.92 0.07 [0.78, 1.06]
Leaf area 28 29.47 29.32 3.35 [22.74, 35.89]

 

The  Bootstrap  means  of  all  parameters  are  highly  consistent
with the original RMSE, and the standard deviations are extremely
small.  This  indicates  that  the  measurement  results  have  superior
stability and repeatability, and are not the accidental manifestations
of a single measurement.

 6    Discussion
To  provide  a  macroscopic  illustration  of  the  performance

disparities among various reconstruction strategies, the variations in
RMSEs for four phenotypic parameters across different phase shift
steps are summarized in Figure 9b.  As depicted,  the RMSEs of all
indicators  were  consistently  diminished  as  the  phase  shift  steps N
were  increased.  For  geometric  dimension  phenotypes  (leaf  length,
leaf width), the error decrease was relatively gentle, and significant
precision advantages were demonstrated by the 12-step phase shift,
with  the  error  being  controlled  at  the  sub-millimeter  level  (<0.2
mm). For spatial dimension phenotypes (leaf inclination, leaf area),
the results were more sensitive to algorithm robustness. Particularly
for  the  leaf  inclination  indicator,  where  the  largest  error  was
observed with the three-step phase shift and the smallest with the 12-
step, it was concluded that increasing the number of projection steps
played  a  decisive  role  in  suppressing  high-frequency  phase  noise
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and restoring complex surface features.
Although  high-precision  measurement  results  were  achieved

under  controlled  lighting  conditions  in  this  experiment,  ambient
light  interference  and  complex  plant  structures  are  unavoidable  in
practical greenhouses or high-throughput platforms. To evaluate the
robustness and cross-variety generalization capability of the system
under  non-ideal  conditions,  two  extended  validation  experiments
were conducted in this study.

First, for the generalization validation across different varieties,
the  system  was  applied  to  the  3D  reconstruction  of  cucumber
seedlings. As shown in Figure 10a, although the leaves of cucumber
seedlings  exhibited  severe  mutual  occlusion  and  more  complex
morphology,  which  increased  the  difficulty  of  point  cloud
segmentation,  a  high-density  3D point  cloud  was  still  successfully
reconstructed  by  the  system.  This  demonstrates  that  the
reconstruction framework based on monocular FPP possesses good
applicability across different cucurbit crops.
 
 

a. Twelve-step phase-shifting reconstruction

of the point cloud of cucumber seedlings

b. The picture of the bitter gourd

seedlings after adding noise

c. The grid image of bitter gourd

seedlings under noise conditions

d. Original picture of bitter gourd

seedlings arranged in a grid pattern

Figure 10    System generalization verification and
robustness verification

 

Second,  to  simulate  complex  lighting  environments,  Poisson
noise,  salt-and-pepper  noise,  and  Gaussian  soft  light  spots
(simulating  direct  ambient  light) were  introduced  into  the  original
phase shift and gray code patterns, as illustrated in Figure 10b. Point
cloud  reconstruction  and  parameter  extraction  were  reperformed
using  the  noised  images,  with  the  mesh  diagrams  of  bitter  gourd
seedlings as shown in Figure 10c and 10d.

The results are presented in Table 4. Under noise interference,
the  error  ranges  for  leaf  length  and  leaf  width,  which  were
calculated based on the minimum bounding box method, were 0.41-
0.79  mm and  0.42-1.83  mm,  respectively.  This  proves  that  a  high
level of robustness can still be maintained even when the system is
switched to  a  strong light  environment.  However,  more significant
deviations  were  observed  in  leaf  inclination  and  leaf  area.  This  is
primarily  because  the  noise  induced  phase  unwrapping  errors,
which  were  amplified  during  the  micro-surface  normal  vector
calculation  and  Delaunay  triangulation.  This  result  indicates  that
when deploying this technology in real greenhouse environments in
the  future,  in  addition  to  adopting  hardware  optical  filters  and
adaptive  projection  intensity  adjustment,  the  ambient  light
resistance capability of the phase shift algorithm needs to be further
optimized.  Nevertheless,  the  reliable  extraction  of  geometric  scale
parameters  can  still  be  maintained  by  this  system  under  complex

simulated  noise,  demonstrating  its  potential  for  translation  into
practical agricultural scenarios.
 
 

Table 4    Comparison of measurement values between
simulated noise-treated bitter gourd seedlings and original

bitter gourd seedlings
Number Leaf length/mm Leaf width/mm Leaf inclination angle/(°) Leaf area/mm2

1 63.8016 52.1987 11.54 30.9564
1-1 63.5953 54.0312 21.15 47.1454
2 63.6095 53.3517 11.89 29.6108
2-1 64.1893 53.7762 15.63 40.2684

 

N

R2

R2

N

R2

In this study, it was demonstrated that the measurement of leaf
inclination  was  more  sensitive  to  the  number  of  phase  shift  steps
than  the  measurements  of  geometric  dimensions  (length,  width).
This  observation  can  be  attributed  to  the  error  propagation
mechanism  inherent  in  the  phase  shift  algorithm.  In  3D
reconstruction,  the  phase  calculation  error  is  closely  related  to  the
number  of  phase  shift  steps  .  Fewer  phase  shift  steps  result  in
weaker  suppression capabilities  against  systematic  nonlinear  errors
and  ambient  light  noise,  easily  generating  periodic  “ripple  errors.”
Measurements  of  leaf  length  and  width  primarily  rely  on  the
coordinates  of  extreme  points  at  the  point  cloud  edges;  although
ripple  errors  affect  surface  quality,  their  impact  on  edges  was
relatively limited, thus high   values are still obtained at low step
counts.  However,  for  leaf  inclination  measurement,  which  is
obtained based on calculating the normal vector  distribution of  the
leaf surface, minute ripple-like noise on the surface is amplified by
differential  operations.  This  causes  drastic  deflections  in  local
normal vectors, making the surface appear very rough and resulting
in plane fitting distortion. This distortion is clearly observed in the
three-step  phase  shift  mode  (where    is  merely  0.2988).  In
contrast,  the  12-step  phase  shift,  based  on  the  least  squares
principle,  effectively  cancels  out  high-order  harmonic  interference
by  increasing  the  sampling  steps  ,  making  the  phase  calculation
smoother.  Consequently,  the  reconstructed  leaf  surface  is  smooth
and  continuous,  and  the  normal  vector  calculation  is  accurate,
thereby  ensuring  the  high-precision  extraction  of  leaf  inclination
(  increased to 0.9933) and leaf area.

Although the proposed method demonstrates high accuracy, its
limitations  must  be  objectively  acknowledged.  First,  an  inherent
limitation of structured light technology is its sensitivity to ambient
light.  Although  this  experiment  is  conducted  under  controlled
lighting conditions, strong environmental illumination in real-world
greenhouse  high-throughput  platforms  may  introduce  noise  errors
during  the  gray  code  decoding  and  phase  unwrapping  stages.
Second,  because the current  approach relies  on multi-frame phase-
shifting  fringe  projection,  it  is  unsuitable  for  dynamic  scenarios,
such  as  plant  swaying,  and  is  thus  limited  to  static  measurements.
Finally,  although  subsequent  parameter  extraction  has  been
automated,  the  front-end  point  cloud  segmentation  still  requires
manual interactive setup of cross-sections, which prevents full end-
to-end  automation  and,  to  some  extent,  limits  the  processing
efficiency  for  extremely  large-scale  datasets.  To  address  these
limitations,  future work could explore: (1)  integrating single-frame
phase  shifting  with  deep  learning  techniques  to  handle  dynamic
scenes;  (2)  employing  optical  filters  and  adaptive  projection
intensity  to  mitigate  ambient  light  interference;  and  (3)  leveraging
deep  learning  models  (such  as  PointNet++)  to  achieve  fully
automatic leaf segmentation in complex occluded environments.
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 7    Conclusions
This  study  developed  a  semi-automated,  non-destructive

phenotypic  measurement  platform  for  bitter  gourd  seedlings,
enabling  automated  and  high-precision  acquisition  of  key
phenotypic  parameters.  The  core  contributions  are  summarized  as
follows:

This  study  proposed  a  high-fidelity  3D  reconstruction  method
based  on  monocular  FPP  with  a  hybrid  coding  strategy,  achieving
submillimeter-level 3D reconstruction of seedling leaves.

R2

This  study  proposed  a  geometric-aware  parameter  extraction
algorithm based on PCA and OBB, enabling adaptive identification
and  precise  matching  of  leaf  orthogonal  axes.  The    for  leaf
length,  width,  and  inclination  angle  reached  0.9992,  0.9991,  and
0.9933, respectively.

R2

This  study  developed  a  leaf  area  calculation  scheme  based  on
Delaunay  triangulation,  and  its  reliability  is  verified  via  Bland-
Altman analysis ( =0.9996, error band<4%), providing a scientific
solution for area measurement of complex-shaped leaves.
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