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Abstract: Owing to  the  requirements  of  a  high yield  and high-quality  tomatoes,  tomato grading is  important-particularly  for
fruit morphology, and accuracy has become the focus of attention. Machine vision provides a fast and nondestructive manner to
address this demand. In this study, the gamma correction method was used for preprocessing to enhance the edge information
of tomatoes, and Otsu’s method was used to eliminate the tomato-image background in the A-component image under the LAB
color model. On this basis, two levels of exploration were conducted. First, new evaluation indices were proposed for tomato
shapes from different views. For the top view, two shape-evaluation indices were established: the area ratio of the maximum
inscribed circle to the maximum circumscribed circle and the dispersion of the contour centroid distance (range and coefficient
of variation),  the highest accuracy was 94%. For the side view, the difference between the maximum and minimum centroid
distances  in  the  contour  was  established  as  a  shape  index,  the  highest  accuracy  was  91.91%.  Second,  an  evaluation  method
based on multi-view fusion was developed by combining the advantage indices for different views. The classification accuracy
reached 96%, with the highest identification accuracy of unqualified tomatoes. The results show that the proposed evaluation
method combining  top  views  (dispersion  of  centroid  distance)  with  side  views  (difference  between  maximum and  minimum
centroid distances) is effective for classifying tomatoes.
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1    Introduction

Tomato  is  one  of  the  three  world-traded  vegetables  and
occupies an important position in the global vegetable trade. China
is the country with the largest tomato production and export volume
in the world. In 2020, China produced 65.15 million t of tomatoes,
accounting  for  almost  one-third  of  the  global  tomato  production[1].
Tomato quality is  a key factor that  affects  tomato export  and sales
volume.  According  to  the  national  standard  “Grades  and
specifications  of  tomatoes”[2],  the  grade  evaluation  indicators  for
tomato  quality  include  shape,  color,  and  surface  damage,  and  the
grading requirements  for  fruit  shape indicate  that  the fruit  must  be
round  without  ribs  and  not  deformed.  At  present,  the  detection  of
tomato  shapes  is  mainly  based  on  visual  inspection  or  mechanical
sorting. These methods are highly subjective, time-consuming, and
labor-intensive, and they can easily cause contamination or damage
to  the  tomato  surface[3].  Therefore,  it  is  imperative  to  develop  an

efficient  and  accurate  nondestructive  testing  method  for  tomato
shape detection.

The  emergence  of  machine  vision  technology  has  provided  a
new  approach  to  the  non-destructive  grading  of  agricultural
products. The detection technology of appearance properties such as
maturity[4,5],  shape[6,7],  and surface defects[8,9] of agricultural products
based  on  machine  vision  typically  includes  four  steps:  image
acquisition, image processing, feature extraction, and classification.
Among these,  the extraction and selection of features is  a key step
that  affects  the  accuracy  of  classification.  The  features  used  for
tomato shape discrimination in previous studies mainly included the
ratio  of  the  maximum  longitudinal  diameter  to  the  maximum
transverse  diameter,  circularity,  and  Fourier  descriptor[10].  Cai[11]

compared  the  accuracy  and  practicability  of  tomato  shape
classification using the ratio of the maximum longitudinal diameter
to the maximum transverse diameter, the circularity, and the Fourier
descriptor  and  used  the  circularity  feature  to  achieve  the
classification of tomato shape. Wang[12] used the circularity and the
ratio  of  the  maximum  longitudinal  diameter  to  the  maximum
transverse  diameter  as  the  shape  characteristics  to  identify  the
tomato. Arjenaki et al.[13] extracted the lengths of the long and short
axes  of  the  tomato  to  calculate  the  eccentricity  for  measuring  the
circularity  of  the  tomato.  The  detection  method  based  on  the
roundness  and  the  maximum  ratio  of  the  longitudinal  diameter  to
the  transverse  diameter  is  relatively  accurate,  but  its  classification
accuracy  is  overly  dependent  on  the  angle  of  image  acquisition.
Thus,  scholars  have  proposed  the  use  of  features  with  scale  and
rotation  invariance  i.e.,  Fourier  descriptors[14]  and  image  moments
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such as Hu moment[15], Zernike moment[16,17], wavelet moment[18], that
describe the tomato contour.  Li  et  al.[19] used Fourier  descriptors to
extract  shapes  from  tomato  depth  images  for  shape  classification,
with  an  average  classification  accuracy  of  92%.  Wang  and  Mu[15]

used the Hu moment as a feature parameter and used support vector
machines  to  classify  tomato  shapes.  Yuan  et  al.[20]  and  Liu  et  al.[21]

used  the  first-order  Fourier  descriptor  of  tomato  contours  to
characterize  the  shapes  of  target  tomatoes,  the  classification
accuracies  were  90.0%  and  91.1%,  respectively.  Yao  et  al.[22]

calculated the  Fourier  descriptor  of  the  octagonal  contour  after  the
transformation  of  contour  coordinates  into  polar  coordinates,  and
recognized  the  corner  lobe  shape  of  the  octagonal  contour.  In
addition, Fourier descriptors have also been successfully applied to
crops  such  as  almonds[23],  strawberries[24],  and  roses[25].  The  shape-
detection  methods  based  on  the  Fourier  descriptor  and  image
moment  overcome  the  misidentification  caused  by  the  image
acquisition  angle  to  a  certain  extent;  however,  their  calculation
method was complex. In recent years, some scholars have exploited
the  variation  characteristics  of  the  contour  curve  of  the  fruit  and
designed  shape-detection  indicators  based  on  fruit-specific  contour
characteristics to increase classification accuracy. For example, the
boundary  coordinates  of  red  dates  were  converted  into  polar
coordinates,  and  curve  fitting  was  performed;  then,  normal  and
deformed jujubes were classified according to the minimum radius
difference in the polar coordinate system[26]. Additionally, a method
for  detecting  abnormal  cherries  according  to  the  shape  of  the
Euclidean  distance  curve  from  the  cherry  pedicle  to  a  boundary
point was proposed[27]. For grapefruit, the rectangular coordinates of
the grapefruit  contour  are  converted into  polar  coordinates  and the
contour curve was fitted; then, the values of the peaks and troughs
of  the  fitting  curve  were  extracted  to  discriminate  the  grapefruit
shape[28].  The  shape-detection  method  based  on  the  fruit  contour
curve has a higher precision and detection efficiency than methods
such as circularity and Fourier descriptors.  At present,  this method
based on the appearance contour curve has a very good effect on the
evaluation  of  the  transverse  shape  of  fruits  with  obvious  shape
characteristics,  such  as  dates,  and  grapefruit[29].  The  difficulty  of
using  machine-vision  technology  to  detect  the  tomato  shape  was
that  different  varieties  of  tomatoes  have  different  shape
characteristics.  For  tomatoes  of  the  same  variety  with  different
shapes,  the  differences  between  adjacent  shape  levels  were  vague,
and the discriminant result has a strong correlation with the image-
acquisition angle, leading to considerable difficulty in the detection
of  the tomato shape.  In conclusion,  the detection of  tomato shapes
can be theoretically realized by detecting the special change trend of
its fruit shape contour curve.

The  technology  for  nondestructive  inspection  of  fruit  and
vegetable  shapes  using  machine  vision  is  mature.  Current  research
on tomato shape identification is limited to the analysis of the top-
view  image;  however,  the  description  of  the  tomato  shape  in  the
actual  production  and  packaging  process  should  also  include  the
side  shape.  Therefore,  in  this  study,  the  tomato-a  typical  grading
product-was  taken  as  the  research  object,  a  dual-view  image-
acquisition system was used to obtain top- and side-view images of
tomatoes,  and  an  analysis  was  performed  using  machine-vision
technology  based  on  the  change  characteristics  of  the  tomato
contour  curve.  The  main  research  goals  were  as  follows:  1)  to
propose new indicators for tomato shape evaluation via top and side
views, and to optimize and screen them; 2) to develop a multi-view
fusion tomato shape evaluation framework and analysis method for
high-precision and non-destructive online grading of tomatoes. 

2    Materials and methods
 

2.1    Image acquisition
The tomato variety used in the experiment was Cappricia,  and

its  shape  was  round.  Tomato  images  were  collected  from  July  to
November  2021,  and  300  tomatoes  were  selected  as  experimental
samples  (200  tomatoes  were  used  to  determine  the  classification
threshold, and 100 tomatoes were used for validation).  The image-
acquisition  system,  shown  in  Figure  1,  employed  a  small  studio
with  a  size  of  65×65×65  cm3  as  the  basic  frame,  which  included
three  modules:  light  source,  imaging,  and  data  transmission.  The
light-source  module  was  composed  of  two  rotatable  light  panels
(5500  K,  12  V)  inlaid  with  high-brightness  light-emitting  diode
lamp  beads  and  a  soft  cloth  (1.2×1.0  m2),  which  satisfied  the
lighting  requirements  of  multi-directional  and  multi-brightness  fill
light  and  reduced  the  reflective  area  of  the  tomato  surface  to  a
certain extent. The imaging module included an MER-500-14U3C-
L  color  camera  (Daheng  Mercury  series)  with  5  million  pixels,  a
resolution  of  2592×1944,  and  a  12-mm-focal  length  OPT-C1214-
2M  fixed-focus  lens.  Considering  the  cost,  the  experiment  only
installed  two  sets  of  imaging  equipment  above  and  in  front  of  the
studio  to  obtain  images  of  the  top,  bottom,  and  side  of  tomatoes,
with  a  shooting  distance  of  300  mm.  It  should  be  noted  that  the
camera  used  to  collect  the  tomato  side  view  image  acquires  the
image  through  the  small  window in  the  front  of  the  studio,  which
can effectively avoid the impact of external ambient light on image
acquisition.  The  transmission  of  the  image  data  was  realized  by  a
high-flex  line  with  model  U3  Micro-B/S  to  A.  The  collected
photographs were saved on a computer in the “.jpg” format, and at
least  four  images  were  collected  for  each  tomato.  Figure  2  shows
top and side views of tomatoes with different shapes.
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1.  Background  frame  2.  Light  source  3.  Camera  stand  4.  Camera  and  lens
5. Tomato sample 6. Computer

Figure 1    Image-acquisition studio
  

2.2    Image processing 

2.2.1    Image preprocessing
Because  the  tomato  surface  is  prone  to  surface  reflection,  the

illumination cannot be excessively strong during image acquisition;
however, under weak illumination, the boundary information of the
tomato  cannot  be  clearly  obtained  (Figure  3a).  Therefore,  on  the
premise  of  ensuring  a  small  surface  reflection  area,  the  gamma
transform  algorithm  was  used  to  increase  the  brightness  of  the
image  boundary.  The  gamma  transform  can  correct  bleached
(camera-overexposed)  pictures  or  pictures  that  are  too  dark
(underexposed).  Gamma  transform  can  increase  image  contrast
while  image  enhancement,  making  the  difference  between  tomato
target  and  background  pixel  more  obvious.  In  this  study,  several
popular  image  enhancement  algorithms  were  used  to  test,  and
finally,  the  gamma  change  with  the  best  effect  was  selected  to
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complete  the  brightness  enhancement  of  tomato  images.  It  is
expressed as follows:

s = crγ (1)

where,  r  represents  the  gray  value  of  the  image  to  be  enhanced;  s
represents  the  gray  value  of  the  image  after  enhancement;  c  is  a
constant;  the  exponent  γ  determines  the  effect  of  the  image
enhancement.  When  γ>1,  the  gray  level  of  the  bright  area  is
stretched, and the gray level of the region is compressed to a darker
level;  that  is,  the  overall  image  becomes  darker.  When  γ<1,  the

opposite  effect  is  observed.  In  this  study,  γ=0.5  was  selected  for
image enhancement,  and an example is  shown in Figure 3b.  It  can
be  seen  that  in  the  tomato  image  after  gamma  transformation,  the
contour  information  of  the  tomato  was  more  obvious  than  in  the
original  image,  meanwhile,  the  salt-and-pepper  noise  generated
during imaging and transmission became more obvious. The median
filter has a good filtering effect on salt and pepper noise, which can
maintain  the  edge  characteristics  of  the  image  and  will  not  cause
significant blur. Therefore, the median-filter algorithm was used to
denoise the images after image enhancement (Figure 3c).

 
 

a. Top-view image

b. Side-view image

Round Basically round Evident ribs

Symmetric and round Crooked shape Oblate Obround

Figure 2    Tomato images from different views
 

 
 

a. Original image b. Gamma transform c. Median filter

Figure 3    Image preprocessing examples
 
 

2.2.2    Image segmentation
When  the  sample  images  were  collected,  the  interior  of  the

studio  was  covered  with  black  light-absorbing  paper;  thus,  each
collected tomato image had a single background, and the difference
between  the  tomato  target  and  the  background  pixels  was  evident.
In  this  event,  the  tomato  target  and  background  could  be  quickly
segmented via Otsu’s  threshold-segmentation method.  To facilitate
the  separation  of  the  target  and  the  background  in  the  image,  the
tomato image of each component in the red-green-blue (RGB) and
LAB color models was extracted, as shown in Figure 4. Under the
lighting conditions used in this study, the colors of the target and the
background  in  the  grayscale  image  were  similar,  and  they  were
difficult  to  distinguish,  whereas  the  foreground  and  background
could  be  clearly  distinguished  in  the  R  and  B  components  in  the
RGB color  model  and  the  A  and  B  components  in  the  LAB color
model.  The  R,  B,  A,  and  B  component  images  were  used  for
segmentation,  and  the  A-component  image  exhibited  the  best
segmentation  effect.  In  the  other  component  images,  the
background  was  not  completely  removed  (R-component),  or  the

 

Original image LAB image Grayscale image G L

R Ostu Open operation Flood filling Result

B

B

A a b c d

Note: R represent R-component in RGB; The third line B represent B-component
in  RGB;  A  represent  A-component  in  LAB;  The  five  line  B  represent  B-
component in LAB; G represent G-component; L represent L-component; a, b, c,
d as a serial number identifier, representing the graph below.

Figure 4    Image segmentation of tomatoes

　186 　 November, 2023 Int J Agric & Biol Eng　　　Open Access at https://www.ijabe.org Vol. 16 No. 6　

https://www.ijabe.org


edge  of  the  tomato  fruit  was  missing  (B-component  in  RGB  and
LAB  color  model).  Therefore,  the  A-component  diagram  of  the
tomato  was  selected  for  image  segmentation.  During  threshold
segmentation,  some  small  highlighted  areas  on  the  tomato  surface
(not  the  edge  part)  were  mistakenly  segmented  as  the  background
(Figure 4a),  and the image was processed using the morphological
open  operation  to  eliminate  these  small  areas  while  trimming  the
image edge burrs (Figure 4b). Then, the flood-filling algorithm was
used  to  fill  those  larger-area  holes  that  could  not  be  eliminated  by
the open operation (Figure 4c). Finally, the filled binary image was
added  to  the  original  image  to  obtain  the  tomato  image  with  the
background removed (Figure 4d). 

2.3    Shape-detection process
The  key  steps  in  tomato  shape  detection  based  on  machine

vision are feature extraction and shape discrimination. According to
the national classification standard for tomato shape in “Grades and
specifications  of  tomatoes”  and  the  Beijing  local  standard
“Identification  experiment  code  for  vegetable  varieties  Part  1:
Solanaceous  fruits”[30],  detection  methods  based  on  the  shape
characteristics  of  the  tomato  top  view and  side  view,  respectively,
were developed.

Top  view:  The  area  ratio  of  the  maximum  inscribed  circle  to
the maximum circumscribed circle and the dispersion of the tomato
centroid  distance  were  defined  as  new  indicators  for  detecting  the
tomato shape. Common shape features such as the roundness, fitting
degree  of  the  minimum  circumscribed  circle,  the  ratio  of  the
maximum  longitudinal  diameter  to  the  maximum  transverse
diameter,  and  eccentricity  were  extracted  for  comparison,  and  the
characteristic  indicators  suitable  for  tomato  top-view  shape
detection  were  selected.  Side  view:  The  height  difference  between
the  two  adjacent  peaks  and  the  height  difference  between  the
minimum  wave  trough  and  its  adjacent  peaks  of  the  centroid
distance  curve  were  defined  to  detect  the  symmetry  and  the
oblong–oblate degree; two frequently-used features, (the ratio of the
longitudinal  diameter  to  the  transverse  diameter  and  the  fitting
degree  of  the  minimum  circumscribed  circle  of  the  contour)  were
extracted as  controls  to  identify the feature  indices  suitable  for  the
shape  detection  of  the  tomato-side  view.  The  judgment  results  of
three experts with years of experience in tomato quality sorting on
tomato shapes are used as the true labels of the samples to evaluate
the accuracy of  the shape grading method for  top and side- views.
The  accuracy  of  shape  classification  was  evaluated  by  calculating
the  percentage  of  samples  that  were  correctly  classified,  and  the
multi-view  shape  judgment  results  were  integrated  to  obtain  the
overall shape grade of the tomato. 

2.4    Work platform
The experimental  work platform included two parts:  hardware

and software.  The hardware was configured with  an Intel  Core i5-
11400h  CPU,  16.0  GB  of  random-access  memory,  and  an  RTX
3050  graphics  card.  The  software  development  platform  was  a
Windows  11  64-bit  operating  system.  The  entire  experiment  was
implemented  using  the  OpenCV  3.4.2.16  open-source  software
library, the programming language was Python, and the processing
and  analysis  of  shape  feature  data  were  performed  using  Origin
2019 software. 

3    Selection  of  indices  for  tomato  shape  detection
from top view

The collected top-view tomato images (Figure 5) included two
postures  with  the  fruit  pedicle  downward  (Figure  5a)  and  upward
(Figure  5b).  For  some  deformed  tomatoes,  when  the  tomato  was

placed on the stage with the fruit pedicle upward, the pedicle could
not  keep the stem in the center  of  the field of  view of  the camera.
Thus,  the  shape  result  of  the  tomato  image  collected  in  this  pose
differed  significantly  from  the  actual  shape.  In  contrast,  when  the
fruit  pedicle  was  downward,  the  tomato  body  could  be  stably
maintained in the center of the camera’s field of vision. Therefore,
the  top-down  view  of  tomatoes  with  the  pedicle  downward  was
selected for the experiment.
  

b. Pedicle upa. Pedicle down

Figure 5    Top-view images of a tomato
  

3.1    Roundness
Roundness indicates how close the tomato outline is to a circle.

A value closer to one indicates that the tomato outline is closer to a
circle.  The  ratio  of  the  contour  area  to  the  square  of  the  perimeter
and  the  minimum  circumscribed  circle  fitting  degree  are  common
roundness  features[31,32].  Examining  the  shape  characteristics  of  the
tomato  from  the  top  view,  revealed  that  the  area  ratio  of  the
maximum inscribed  circle  to  the  minimum circumscribed  circle  of
the  contour  accurately  reflected  the  circularity  of  the  contour.
Therefore,  in  this  study,  roundness,  the  minimum  circumscribed
circle  fit,  and  the  area  ratio  of  the  maximum  inscribed  circle  to
minimum  circumscribed  circle  were  used  to  characterize  the
roundness  of  the  tomato,  which  were  calculated  according  to  the
following equations:

E1 =
4×π×A

C2
(2)

E2 =
A

π×R2
min

(3)

E3 =
π×R2

max

π×R2
min

(4)

where,  E1,  E2,  and  E3  represent  the  roundness,  the  minimum
circumscribed  circle  fit,  and  the  area  ratio  of  the  maximum
inscribed  circle  to  minimum  circumscribed  circle  respectively;  A
represents  the  projected  area  of  the  tomato  target  in  the  image; C
represents the perimeter of the tomato outline, obtained through the
cv2.arcLength()  function; Rmin  and Rmax  represent  the  radii  of  the
minimum  circumscribed  circle  and  the  maximum  inscribed  circle,
respectively.

Figure  6  shows  the  differences  in  roundness  among  tomatoes
with  different  shapes,  where  the  green  circle  is  the  maximum
inscribed  circle  of  the  tomato,  the  red  circle  is  the  minimum
circumscribed circle, and the blue curve is the outline shape of the
tomato.  The  round-tomato  contour  almost  coincided  with  its
maximum  inscribed  circle  and  minimum  circumscribed  circle
(Figure  6a).  There  was  a  slight  gap  between  the  minimum
circumscribed circle and the maximum inscribed circle of the round
tomato contour (Figure 6b). For tomatoes with evident ribs, the gaps
between  the  contour  and  the  maximum  inscribed  circle  and
minimum  circumscribed  circle  were  relatively  large  (Figure  6c).
Therefore,  it  is  feasible  to  judge  the  roundness  of  a  tomato  by  the
proximity  of  its  contour  to  its  maximum  inscribed  circle  and
maximum circumscribed circle.
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Note: Images output by Pycharm. E1, E2, and E3 represent the roundness, the minimum circumscribed circle fit, and the area ratio of the maximum inscribed circle to the
minimum circumscribed circle respectively.

Figure 6    Differences in roundness among tomatoes with different shapes
 
 

3.2    Centroid distance
The centroid distance refers to the Euclidean distance from the

centroid to the contour point of the tomato and is typically used in
the  process  of  calculating  the  Fourier  descriptor.  Because  of  the
complex  calculation  process  for  the  Fourier  descriptor  (coordinate
transformation  and  Fourier  transformation  are  required),  the
centroid distance was directly used to describe the tomato shape in
this  study.  Output  the contour coordinates  of  tomatoes through the
contour  lookup  function  and  calculate  the  image  moments  within
the  third  order  of  the  contour.  Use  the  zero-order  moment  and  the
first-order moment to calculate the center of mass coordinates. The
calculation equations were as follows:

x =
m10

m00
(5)

y =
m01

m00
(6)

where, x and y represent the center of mass coordinates; m10 and m01

represent  the  two  first-order  moments  of  the  tomato  contour; m00

represents  the  zero-order  moment.  After  the  centroid  and  contour
coordinates  were  obtained,  the  Euclidean  distance  was  calculated
with  the  centroid  as  the  reference  point  and  the  coordinates  of  the
edge point of the fruit, and it was normalized as follows:

di =
√

(xi − x0)2 + (yi − y0)2 (7)
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d∗ =
di

1
N

N∑
i=1

di

(8)

where, x0  and y0  are  the  horizontal  and  vertical  coordinates  of  the
centroid,  respectively;  xi  and  yi  are  the  horizontal  and  vertical

coordinates  of  the  ith  point  on  the  contour  of  the  fruit  body,
respectively; di represents the Euclidean distance from the centroid
to the ith contour point; N represents the number of tomato contour
points; d* represents the normalized centroid distance.

The normalized centroid-distance curve fluctuates up and down
on  the  line y=1.0  (Figure  7).  For  the  round  tomatoes,  the  centroid
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Note: Images output by Pycharm. Each column represents a tomato shape, and five representative images were selected for each shape of the tomato.

Figure 7    Centroid distance curves of tomatoes with different shapes
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distance has a relatively narrow fluctuation range (0.97, 1.03),  that
was,  the  distribution  of  the  centroid-distance  data  is  relatively
concentrated  (Figure  7a);  With  an  increase  in  the  degree  of  fruit
shape  deformation,  the  fluctuation  range  of  the  centroid-distance
curve  widened  (Figures  7b  and  7c),  the  fluctuation  range  of  the
centroid  distance  curve  of  basically  round  and  obviously  ribbed
tomatoes  was  (0.95,  1.04)  and  (0.93,  1.08),  respectively;  that  was,
the degree of data dispersion increased. Thus, the dispersion degree
of the centroid distance can reflect changes in tomato shape.

The indicators used for evaluating the data dispersion were the
range, mean, standard deviation, and coefficient of variation.

x∗ =Max(x)−Min(x) (9)

x̄ =
1
N

N∑
i=1

xi (10)

σ =

Ã
1
N

N∑
i=1

(xi − x̄)2 (11)

CV =
σ

x̄
×100% (12)

x̄

where,  Max(x)  and  Min(x)  represent  the  maximum  and  minimum
values  of  the  Euclidean  distance,  respectively;  xi  represents  the
Euclidean  distance  from  the  ith  contour  point  in  the  data  to  the
centroid; x* represents the range of the data;   represents the mean;
σ represents the standard deviation; CV represents the coefficient of
variation.  After  normalization,  the  mean  value  of  the  Euclidean
distance  of  each  tomato  was  1,  and  the  standard  deviation  was
proportional to the coefficient of variation. Therefore, the mean and
standard deviation were discarded when evaluating the dispersion. 

3.3    Other common shape features
To  validate  the  feasibility  of  the  proposed  method  for  tomato

shape  detection,  the  maximum  transverse  diameter  and  maximum
longitudinal  diameter  of  the  tomato  contour  were  extracted,  and
their  ratio  and  eccentricity  were  calculated  as  common  shape
features for comparison.

S Z =
Lmax

Lmin
(13)

Ep = 2

…(Lmax

2

)2

−
(Lmin

2

)2

Lmax
(14)

where,  Lmax  and  Lmin  represent  the  maximum  transverse  and
longitudinal diameters of the tomato, respectively; SZ represents the
ratio  of  the  maximum  longitudinal  diameter  to  the  maximum
transverse  diameter  (a  value  closer  to  1  indicates  that  the  tomato
shape  is  closer  to  a  circle);  Ep  represents  the  eccentricity  of  the
tomato (a value closer to 0 indicates that the tomato shape is closer
to a circle). 

3.4    Analysis and comparison of characteristic indicators
In this study, 200 tomatoes with different shapes were used to

extract the above seven shape features, and according to the results
of  manual  classification,  the  indicators  suitable  for  the  shape
detection of the tomato top view were selected. Figure 8 shows the
data  distribution  diagram  and Table  1  lists  the  data  mean  of  each
indicator  for  the  different  shape  categories.  As  shown,  the  mean
values of E1 for different shapes were close and easy to confuse. E2

differed  significantly  among  the  different  shape  categories,
indicating that it can be used for shape classification. The E3 values

for  round  tomatoes  were  mostly  >0.910,  for  basically  round
tomatoes were concentrated in the range of (0.879,  0.905),  and for
tomatoes with evident  ribs  were <0.880.  The range of  the centroid
distance  for  tomatoes  in  the  three  shape  categories  was  distributed
in the intervals of (0.049, 0.063), (0.062, 0.077), and (0.082, 0.175),
respectively.  The  coefficient  of  variation  for  the  round  tomatoes
was  <1.328%,  for  the  round  tomatoes  was  between  1.486%  and
1.740%,  and  for  tomatoes  with  evident  ribs  was  >1.996%.  For  all
three  shape  categories,  the  average  values  of  range  and  the
coefficient  of  variation  differed  significantly,  indicating  that  the
method  based  on  the  centroid  distance  can  be  used  to  detect  the
tomato  shape.  The  SZ  values  for  the  three  shape  categories  were
very close, and their distribution intervals overlapped significantly,
making them easy to confuse. The distribution of the eccentricity Ep

for the different shapes is highly scattered, and the data points were
randomly cross-distributed without a clear law.

After  an  analysis,  the  minimum  circumscribed  circle  fitting
degree,  the  area  ratio  of  the  maximum  inscribed  circle  to  the
minimum  circumscribed  circle,  and  the  range,  and  variation
coefficient  of  the  centroid  distance  were  selected  as  the
characteristic  parameters  for  the  shape  classification  of  the  tomato
top view. The classification thresholds were 0.953 and 0.937, 0.900
and 0.867, 0.064 and 0.087, and 1.426 and 2.099, respectively. 

4    Selection  of  indices  for  tomato  shape  detection
from side view

The shape description of the tomato from the side view is more
complex  than  that  from  the  top  view,  because,  the  shapes  of  the
same  tomato  observed  from  different  angles  may  be  inconsistent
(Figure  9).  From  the  perspective  shown  in  Figure  9a,  the  tomato
shape  was  evaluated  as  a  symmetric  circular  shape,  whereas  the
shape of the tomato was distorted from the angle shown in Figure 9b.
To comprehensively detect the shape of a tomato, two side images
with a difference of 90° in the angles were considered.

The  centroid-distance  curves  obtained  from  side  images  of
tomatoes with different shapes are shown in Figure 10. The key to
determining the shape of the tomato side is to accurately determine
the  position  of  the  fruit  pedicle[29]  because  the  pedicle  is  usually
located on the fruit axis (central axis). Whether the tomato shape is
correct  can  be  judged  by  determining  the  position  of  the  pedicle.
First, the cv2.findContours() function was used to output the tomato
contour  points,  and  then  the  signal.argrelextrema()  function  in  the
SciPy  library  was  used  to  determine  the  maximum  and  minimum
values  of  the  centroid  distance.  According  to  the  shape
characteristics  of  the  tomato,  the  pedicle  was  determined  to  be
roughly  located  at  the  midpoint  of  the  curve.  Considering  that  the
central axis of the tomato cannot be completely perpendicular to the
central axis of the camera during image acquisition, the shape in the
tomato  image  may  have  been  distorted,  that  is,  the  position  of  the
hilum deviates from the midpoint of the contour. Therefore, in this
study,  the  search  range  of  the  stem  point  is  set  as  (length
(contour)/5,  4  length  (contour)/5),  and  the  minimum  point  in  this
range is the centroid distance of the tomato stem point. As shown in
Figure  10,  the  centroid  distance  curves  of  both  round  and  oblate
tomatoes  were  “M”-shaped;  that  is,  there  were  two  evident  peaks
and one deep wave trough (centroid distance of  fruit  pedicle).  The
centroid-distance  curves  of  oblong  tomatoes  had  three  or  more
peaks. The two peaks adjacent to the pedicle point in the centroid-
distance  curve  were  almost  identical  for  symmetric  tomatoes,
whereas  the  values  in  the  distorted-tomato  centroid-distance  curve
were significantly different. 
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4.1    Symmetry
The  side  shape  of  a  normal  tomato  is  shown  in  Figure  10a,

where the fruit is approximately circular, the bottom concave area is
the position of the fruit pedicle, and the shapes on both sides of the
fruit  axis  are  almost  symmetric.  In  this  study,  the  numerical
difference between the two peaks (maximum value) of the centroid-
distance curve (Cmax) was used as an index to evaluate the symmetry

of the fruit body. The symmetry index was calculated as follows:

Cmax = |max1 −max2| (15)

where,  Cmax  represents  the  difference  between  the  two  maxima
adjacent to the fruit pedicle in the centroid-distance curve; max1 and
max2  represent  the  two  maximum  values  of  centroid  distances
adjacent to the fruit pedicle at the centroid distance. A smaller value
of Cmax, corresponds to a more symmetric shape of the tomato side. 

4.2    Oblong-oblate degree
The  oblong–oblate  degree  represents  the  degree  to  which  the

shape of the side of the tomato deviates from a circle. In this study,
the difference between the minimum centroid distance corresponding
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Figure 8    Distributions of the roundness parameters for different shapes from the top view
 

Table 1    Average values for the characteristics of tomatoes
with different shapes from the top view

Evaluation indicators
Shape

Round Basically round Evident ribs

Roundness
E1 0.884 0.883 0.878
E2 0.958 0.948 0.926
E3 0.909 0.890 0.845

Centroid distance
x/pixel 0.058 0.070 0.103
CV/% 1.229 1.623 2.575

Other common shape features
SZ 0.996 0.951 0.993
Ep 0.147 0.213 0.215

Note: E1, E2, and E3 represent the roundness, the minimum circumscribed circle
fit, and the area ratio of the maximum inscribed circle to minimum circumscribed
circle respectively; CV represents the coefficient of variation; SZ represents the
ratio of the maximum longitudinal diameter to the maximum transverse diameter;
Ep represents the eccentricity of the tomato.

 

a. Side-view angle 1 b. Side-view angle 2

Figure 9    Images of the same tomato from different angles
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to  the  fruit  pedicle  and  its  adjacent  maximum (Cmin  for  short)  was
used to  measure  the  oblong–oblate  degree  of  the  side  shape of  the
tomato. It was calculated as follows:

Cmin = |max−min | (16)
where,  Cmin  represents  the  difference  between  the  maximum  and
minimum centroid distances; min represents the minimum centroid
distance  corresponding  to  the  fruit  pedicle;  max  represents  the
maximum centroid distance adjacent to the fruit pedicle. 

4.3    Other common shape features
The ratio of the longitudinal diameter to the transverse diameter

is a commonly used index for evaluating the shapes of mangoes and
other fruits[33], but it is not used to evaluate the shapes of tomatoes.
In  this  study,  the  minimum circumscribed rectangle  (EC)  was  used
to  measure  the  transverse  and  longitudinal  diameters  of  tomatoes,
and their ratio (length-width ratio, SC) was calculated to evaluate the
length  and  flatness  of  the  tomato  shape.  In  addition,  the  minimum
circumscribed circle fitting degree of the side profile was extracted
and used to evaluate the circularity of the side of the tomato.

sc =
H
W

(17)

Ec =
Ac

πR2
min

(18)

where, H and W represent the longitudinal and transverse diameters

of  the tomato,  respectively; AC  represents  the projected area of  the
side  profile  of  the  tomato;  SC  and  EC  represent  the  ratio  of  the
longitudinal  diameter  to  the  transverse  diameter  and  the  fitting
degree  of  the  minimum  circumscribed  circle  on  the  tomato  side,
respectively. 

4.4    Analysis and comparison of characteristic indicators
The centroid distance, the ratio of the longitudinal diameter to

the  transverse  diameter,  and  the  minimum  circumscribed  circle
fitting  degree  were  extracted  from  200  tomato  side-view  images
collected  for  different  shapes.  According  to  the  artificial  judgment
results  for  the  tomato-side  shape,  the  feature  index  suitable  for
shape detection of the side view was identified. Figure 11 shows the
data  distribution  diagram  of  each  index  for  the  different  shape
categories, and Table 2 lists the average values of the indices for the
different  shape  categories.  The  Cmax  values  of  the  symmetric
tomatoes were <0.02, and most of the Cmax values for tomatoes with
evident  distortions  were  >0.02.  A Cmin  data  partition  for  tomatoes
with differences in length and flatness was evident. The Cmin values
for oblong tomatoes were concentrated between 0.15 and 0.20,  the
round  tomatoes  were  concentrated  between  0.20  and  0.25,  and  for
oblate  tomatoes  were  >0.25.  The  mean  SC  values  differed
significantly  between the symmetric  and distorted tomatoes,  but  in
both  cases,  the  distribution  of  data  points  was  scattered,  without
evident  regularity.  SC  and EC  exhibited  good  classification  effects
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Figure 10    Euclidean distance curves of tomatoes with different shapes
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for  judging  the  oblong  and  oblate  tomatoes  from  the  side  view.
Compared  with  the  results  of  the  manual  classification,  the  SC

values for oblate, round, and oblong tomatoes were (0.722, 0.834),

(0.835, 0.902), and (0.903, +∞), respectively, and the EC data points
were distributed in the ranges of (0.734, 0.846), (0.861, 0.887), and
(0.886, 0.953), respectively.
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Figure 11    Data distribution of characteristic parameters for different shapes from the side view
 

  
Table 2    Average values for the characteristics of tomatoes

with different shapes from the side view

Shape
Detection method

Centroid distance SC EC

Symmetry
Symmetric 0.011 0.873 0.881
Crooked 0.033 0.901 0.880

Oblong-oblate degree
Oblate 0.268 0.808 0.823
Round 0.202 0.859 0.872
Oblong 0.125 0.924 0.898

 

In  summary,  the  Cmax  index  of  the  centroid  distance  was
selected  for  classifying  symmetric  and  distorted  tomatoes,  and  the
classification threshold was set as 0.022. SC, EC, and Cmin were used
to  distinguish  round,  oblong,  and  oblate  tomatoes,  and  the
classification thresholds were 0.834 and 0.892, 0.846 and 0.886, and
0.164 and 0.235, respectively. 

5    Research  on  tomato  fruit  shape  grading  from
different views

After  the  classification  thresholds  were  determined,  the
extracted shape features were used to analyze the top and side views
of 100 tomatoes with different shapes, and the overall shape of the
tomato  was  determined  by  the  shape  discrimination  results  of
multiple views. 

5.1    Tomato fruit shape classification from top view
The  fitting  degree  of  the  minimum  circumscribed  circle,  the

area  ratio  of  the  maximum  inscribed  circle  to  the  minimum
circumscribed circle,  and the range value,  and variation coefficient
of the centroid distance were used as shape classification indices to

detect the shape of the tomato from the top view, and the results are
shown in Figure 12. Where, the numbers 1, 2, and 3 on the vertical
axes represent three categories: round, basically round, and evident
ribs,  respectively.  As  shown,  the  shape-detection  method based on
the  minimum  circumscribed  circle  fitting  degree  had  the  lowest
detection  accuracy  among  the  methods  tested  (66%),  it  identified
some tomatoes with round shapes and evident ribs, but the detection
accuracy  for  basically  round  tomatoes  was  very  low.  The  method
using  the  area  ratio  of  the  maximum  inscribed  circle  to  the
minimum  circumscribed  circle  achieved  a  detection  accuracy  of
84%,  indicating  that  this  method  can  replace  the  commonly  used
circularity  index  for  tomato  shape  detection.  The  classification
method using the range of the centroid distance had a low accuracy
of 77%, and most of the misidentified tomatoes were round shapes.
The  shape  detection  method  using  the  coefficient  of  variation
achieved the highest accuracy (94%), it accurately identified normal
deformed,  and  slightly  deformed  tomatoes;  thus,  it  can  satisfy  the
requirements of tomato shape classification in the actual production
and packaging process. 

5.2    Tomato fruit shape classification from side view
The shapes of the tomatoes from the side view were classified

using  three  features:  the  ratio  of  the  longitudinal  diameter  to  the
transverse  diameter,  minimum  circumscribed  circle  fitting  degree,
and  centroid  distance.  The  results  are  shown  in  Figure  13.  In
Figure  13a,  the  numbers  0  and  1  on  the  vertical  axes  represent
symmetric and distorted shapes, respectively, and in Figure 13b, the
numbers  0,  1,  and  2  represent  oblong,  round,  and  oblate,
respectively. The symmetry detection method based on the centroid
distance  achieved  an  accuracy  of  91.91%,  indicating  that  it  can
satisfy  the  requirements  for  the  classification  of  tomato  shapes  in
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the  actual  production  process.  The  accuracy  for  detecting  oblong-
oblate  tomatoes  according  to  the  centroid  distance  was  85.08%,
indicating  that  the  proposed  centroid-distance  method  can
accurately  identify  the  tomato-side  shape.  The  shape-detection
methods  based  on  the  ratio  of  the  longitudinal  diameter  to  the

transverse  diameter  and  the  minimum  circumscribed  circle  fitting
degree  of  the  side  profile  had  detection  accuracies  of  77.46% and
64.16% for  the  shape of  the  tomato side,  respectively,  which were
significantly  lower  than  that  of  the  centroid-distance  method.  The
misclassification of tomatoes in the detection process is attributed to
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Figure 12    Shape-detection results for the top view
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Figure 13    Side-view shape-detection results
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the  change  in  the  image-acquisition  angle:  when the  tomato  in  the
image protruded forward (tilted) or the fruit  pedicle was located at
the  edge  of  the  tomato  image,  the  probability  of  computer
misclassification of the tomato shape increased. 

5.3    Multi-view fusion
After  obtaining  the  top-  and  side-view  tomato  shape  results,

they were  integrated  to  perform an overall  shape evaluation of  the
tomato.  Based  on  the  shape  results  for  the  top  view,  the  shape
results for the side views with a difference of 90° in the angles were
considered separately.  If  any angle in the side image was distorted
or  noncircular  (oblong  or  oblate),  the  tomato  was  classified  as  the
poor level.

According  to  the  shape  determination  method  for  a  single
tomato  fruit  shown  in  Figure  14,  the  shape  determination  of  100
tomatoes was performed for validation, and the results are presented
in  Figure  14a.  As  shown,  the  method  of  identifying  the  tomato
shape only from the top-view or side-view images was inconsistent.
As can be seen from Figure 14b, when grading tomato shapes from
top and side view, the number of misclassifications of special-grade
tomatoes were 7 and 3, that is, the detection accuracies for special-
grade  tomatoes  were  78.79%  and  91.67%;  the  number  of
misclassification of unqualified tomatoes were 3 and 5,  that  is,  the
detection  accuracies  for  unqualified  tomatoes  were  90.29%  and
86.84%;  and  the  number  of  misclassification  of  unqualified
tomatoes  were  13  and  7,  that  is,  the  detection  accuracies  for  first-
grade  tomatoes  were  75.61%  and  85.37%.  The  classification
accuracy  of  the  multi-view  shape-result  integration  method  was
96%.  The  number  of  wrong  grades  of  super-grade  and  first-grade
tomatoes  is  4  and  3,  respectively,  which  indicates  that  detection
accuracies for the different shape categories were all >80%, and the
detection accuracy for unqualified tomatoes (deformed) was 100%,
the number of wrong grades is 0. Misidentification occurred mainly
for special tomatoes and first-grade tomatoes. This may be because
when  judging  a  tomato  with  confusing  shape  characteristics  of
individual  side  views,  the  computer  performed  the  grading  strictly
according to  the  set  classification  threshold.  However,  there  was  a
degree  of  subjectivity  in  the  manual  grading,  which  led  to
inconsistencies  between  the  computer  and  manual  grading  results
for individual tomatoes.
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Figure 14    Tomato shape detection results
  

6    Conclusions
Machine vision was used to detect the shapes of tomatoes from

top and side views. The A-component map in the LAB color model
was used to perform Otsu threshold segmentation, and the complete
tomato  target  was  extracted  for  feature  extraction  and  shape
grading.  Finally,  the  shape  judgment  results  from  multiple
perspectives were integrated to perform an overall shape evaluation
of the tomatoes.

1) For shape detection from the top view, three new indicators
were  established:  the  range  value  and  the  coefficient  of  variation
based on the  centroid  distance  of  the  contour  and the  area  ratio  of
the maximum inscribed circle to the minimum circumscribed circle.
There  are  four  commonly  used  indicators:  contour  roundness,
minimum circumscribed circle fitting degree, eccentricity, and ratio
of  the  maximum longitudinal  diameter  to  the  maximum transverse
diameter.  Through  data  analysis,  three  indicators  (roundness,
eccentricity, and ratio of the maximum longitudinal diameter to the
maximum  transverse  diameter)  were  discarded,  and  the  minimum
circumscribed circle fitting degree, area ratio of maximum inscribed
circle  to  minimum  circumscribed  circle,  and  range  value  and
variation  of  the  centroid  distance  were  used.  The  shape  grading
accuracies  for  these  indicators  are  66%,  84%,  77%,  and  94%,
respectively;

2) For shape detection from the side view, an evaluation index
based on the contour centroid distance curve shape was developed,
and  grading  accuracies  of  91.91%  and  85.08%  were  achieved  for
the  symmetry  and  oblong-oblate  degree,  respectively.  The
classification accuracies for the ratio of the longitudinal diameter to
the  transverse  diameter  and  the  fitting  degree  of  the  minimum
circumscribed circle of the side contour were 77.46% and 64.16%,
respectively;

3)  A  shape-evaluation  method  for  multi-view  shape-result
fusion was developed,  which predominantly uses the top view and
is  supplemented  by  the  side  view.  The  classification  accuracy
reached 96%, with the highest identification accuracy of unqualified
tomatoes.

In  this  study,  tomato  shapes  were  classified  from  two
perspectives:  top  and  side  view.  The  classification  results  for  the
two  perspectives  were  combined  to  realize  omnidirectional  and
multi-perspective  shape  discrimination  of  tomatoes,  and  the
proposed  method  is  suitable  for  assembly-line  production  and
packaging  of  factory  tomatoes.  The  tomato  images  in  this  study
were collected under the condition of static and single sample, and
the  quality  detection  of  dynamic  and  multi-copy  tomato  sequence
images  can  be  further  explored  in  the  future,  so  as  to  achieve
pipelined tomato online grading. 
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