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Abstract

To address the current reliance on manual empirical judgment for pomelo fruit
shape and size grading, this study proposes a method employing contour co-
ordinate system transformation fitting, fruit shape feature extraction, and an
orientation angle compensation algorithm to detect longitudinal and transverse
diameters and identify shape defects based on the fruit shape index. An im-
age acquisition system was constructed using a CMOS camera, dot-matrix LED
light source, plane mirror, computer, enclosure, and support frame to obtain
full-surface image data of 168 Shatian pomelo samples with varying sizes and
shape grades. The G-B component grayscale image was selected for denois-
ing and segmentation. The Laplacian operator edge detection algorithm was
utilized to extract fruit edge pixels, and polynomial fitting was employed to
transform Cartesian coordinates to polar coordinates, thereby simplifying fruit
shape description. Polar angle values of feature points were used to compensate
for random sample orientations when calculating longitudinal and transverse
diameters by distinguishing between spherical-like and pear-like types. Exper-
iments conducted on Guangdong Meizhou Shatian pomelos demonstrated that
the proposed method achieved mean absolute error, maximum absolute error,
and mean relative error of 2.23 mm, 7.39 mm, and 1.6%, respectively, for longi-
tudinal diameter, and 2.21 mm, 7.66 mm, and 1.4%, respectively, for transverse
diameter. Seven features were extracted from the polar coordinate fitting func-
tion of pomelo contours: three peak heights, three peak widths, and one valley
value difference. A BP neural network-based discriminant model for pomelo
shape was established and validated using an independent validation set, yield-
ing an overall recognition rate of 83.7%. This method provides a rapid non-
destructive approach for automated detection and grading of pomelo size and
shape.
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Abstract: Current pomelo fruit shape and size grading relies heavily on manual
judgment. This study proposes a method that detects vertical and horizontal di-
ameters through contour coordinate transformation fitting combined with fruit
shape feature extraction and direction angle compensation algorithms, and eval-
uates shape defects based on fruit shape index. An image acquisition system was
constructed using a CMOS camera, dot matrix LED light source, plane mirrors,
computer, enclosure, and support brackets to capture complete surface image
data of 168 Shatian pomelo samples with varying sizes and shapes. The G-B
component grayscale image was selected for denoising and segmentation. The
Laplacian edge detection algorithm extracted fruit edge pixels, and polynomial
fitting converted rectangular coordinates to polar coordinates to simplify shape
description. Characteristic point polar angle values compensated for random
sample orientations, enabling separate calculation of vertical and horizontal
diameters for spherical and pear-like shapes. Experiments using Guangdong
Meizhou Shatian pomelo demonstrated that the proposed method achieved av-
erage absolute errors of 2.23 mm and 2.21 mm, maximum absolute errors of
7.39 mm and 7.66 mm, and average relative errors of 1.6% and 1.4% for vertical
and horizontal diameters, respectively. Seven features (3 peak heights, 3 peak
widths, and 1 trough value difference) were extracted from the polar coordinate
fitting function to establish a BP neural network shape discrimination model,
which achieved an overall recognition rate of 83.7% when validated with an in-
dependent dataset. This method provides a rapid, non-destructive solution for
automated pomelo size and shape detection and grading.

Keywords: pomelo contour; fruit shape detection; back propagation neural
network; coordinate system conversion; image processing; fruit shape discrimi-
nant model

1 Introduction

Pomelo (Citrus mazima (Burm) Merr.) is a major fruit crop in Southeast
Asia, rich in nutrients and possessing health benefits. China’ s annual pomelo
production reaches 3.6 million tons and continues to grow annually [Figure 1:
see original paper|. As a large, internally heterogeneous fruit, pomelo shapes
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vary among cultivars and growing conditions, appearing pear-shaped, near-pear-
shaped, spherical, etc. Shape characteristics are typically described by dimen-
sions and proportional relationships among the calyx, neck, shoulder, equator,
and apex regions. Common shape defects include excessive neck length, asym-
metry, spherical form, and deviation from cultivar-specific characteristics. Cur-
rent production practices rely on either general-purpose fruit grading equip-
ment based on weight or sieving principles, which cannot fully accommodate
pomelo-specific requirements, or on manual grading at orchards based on size
and shape, which suffers from high labor intensity, low efficiency, and incon-
sistent standards. Additionally, most Chinese pomelo cultivation occurs in
small-to-medium orchards in hilly mountainous regions with increasing labor
shortages and lacking comprehensive postharvest grading technology, severely
restricting industry profitability and scale development. Therefore, developing
an automated detection and grading method tailored to pomelo fruit shape
characteristics is critically important [2].

Machine vision technology offers unique advantages for rapidly and non-
destructively acquiring external quality parameters of objects [3], including
fruit dimensions, color, and surface defects, which can be combined with
feature extraction and processing algorithms for quality assessment. Wang et
al. [4] utilized machine vision with principal component analysis and multiple
linear regression to establish potato mass and shape grading models by
selecting image features with high weight coefficients. Wang et al. [5] employed
dual-spore mushroom cap diameter as a size grading parameter, using global
threshold segmentation, maximum entropy threshold segmentation, Canny
operator, morphological closing, and watershed algorithms to remove shadows
and stem interference, then applied minimum enclosing rectangle method to
determine cap diameter. Huang and Fei [6] proposed an improved three-layer
Canny edge detection algorithm for apple contour extraction and calibrated
pixel size using standard rectangular workpieces. Roscher et al. [7] collected
natural environment grape images, applied Hough circle detection to identify
spherical grapes, and designed classifiers using color and texture information,
achieving approximately 1 mm average diameter difference compared to manual
measurement with 0.88 correlation and reduced error rates. Oo and Aung
[8] simplified strawberry shape to a kite form, identifying four vertices (top,
bottom, left, right) and vector angles from fruit boundaries, using vertical
distances between vertices as length and lateral point distances as diameter.
Arendse et al. [9] employed X-ray computed tomography to generate 2D
radiographic images of pomegranate fruits, enabling 3D reconstruction for
estimating length, diameter, and peel thickness. These studies estimated fruit
shape using diameter, length, and area parameters, while shape features were
typically judged manually with cultivar-specific methods, making automated
shape detection challenging with limited related research. Common shape
discrimination methods include contour extraction and 3D reconstruction.
Luo et al. [10] used improved K-means clustering to segment grape images,
extracting contour edges and quasi-circular centers to establish a geometric
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model for separating overlapping grape clusters by solving inflection points at
junctions. Wu et al. [11] extracted 2D contour features of jujube to construct
3D multi-contour models for shape detection. Olatunji et al. [12] trained
conditional generative adversarial networks on synthetic kiwifruit shape data
to reconstruct complete kiwifruit surfaces.

Given pomelo’ s asymmetrical characteristics and the overly general description
of Shatian pomelo grading standards lacking specific shape parameter criteria,
this study proposes acquiring complete surface image information of pomelo
fruits and employing contour coordinate transformation fitting combined with
direction angle compensation algorithms to detect vertical and horizontal diame-
ters, with shape defects evaluated based on fruit shape index, aiming to provide
a rapid, non-destructive solution for pomelo shape detection and grading.

2 Materials and Methods
2.1 Sample Acquisition

A total of 168 pomelo samples were collected from Meizhou Agricultural Exper-
iment Station and surrounding orchards in Guangdong Province, comprising 81
spherical-shaped, 54 pear-like shaped, and 33 defective samples (lacking Shatian
pomelo shape characteristics [13]). Each sample was numbered after manual size
measurement and shape classification. For measurement, fruits were clamped
between two right-angle plates sliding on horizontal guides along the vertical or
horizontal axis direction, with digital calipers measuring each sample twice and
averaging the values. Shape classification followed the Shatian pomelo industry
standard NY/T 868-2004 [13], categorizing samples into three types through
manual observation and measurement of neck length, vertical-to-horizontal di-
ameter ratio, and shape regularity [Figure 2: see original paper].

2.2 Image Acquisition System

Machine vision and image processing technology offer non-destructive, high-
compatibility advantages for fruit shape feature extraction and analysis. A
custom image acquisition system was constructed [Figure 3: see original paper],
primarily comprising an industrial CMOS camera (Taiwan Microscope 1/2.5
MU500, China) with maximum resolution of 2592%x $1944 pixels, XW0612 lens,
image acquisition enclosure (external dimensions 80 cm x 60 cm x 60 cm)
lined with anti-reflective velvet to eliminate reflection, a 12 W circular LED
dot matrix main light source, and adjustable 10 W auxiliary light source. Two
opposing plane mirrors inside the enclosure enabled single-shot capture of com-
plete pear-like sample surface information [14]. Based on pomelo size range and
preliminary testing, mirror dimensions were set to 30 cm x 25 cm with 20 cm
spacing between adjacent endpoints and 120° mirror angle to ensure complete
surface information capture. Samples were placed randomly at the sample po-
sition during imaging. The Minte Camera Platform software controlled image
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acquisition and transferred data via cable to computer for storage and analy-
sis. Sample images obtained by the system are shown in [Figure 4: see original

paper].

3 Feature Extraction and Shape Detection

The technical route for feature extraction and shape detection is illustrated in
[Figure 5: see original paper].

3.1 Image Preprocessing

Environmental variations and noise during imaging can obscure image features,
necessitating filtering, denoising, and enhancement for subsequent recognition.
After comparing mean filtering, median filtering, iterative methods, maximum
inter-class variance segmentation, and edge operators (Canny, Sobel, Robert,
Laplacian), a color threshold-based segmentation method was adopted. Images
were first smoothed using Gaussian filtering to remove noise. In the RGB color
model, the G-B chromatic aberration component was selected as the segmenta-
tion feature [15,16] [Figure 6: see original paper]. The Otsu method performed
binary segmentation on grayscale images, followed by median filtering to re-
move noise pixels. Morphological opening preserved contour size while filling
white holes and gaps. Finally, the Laplacian edge detection operator extracted
effective edge information [17-19] [Figure 7: see original paper].

3.2 Contour Coordinate System Transformation

Post-processing contours represent natural shapes with random vertical axis
orientation. The curvature variations at the neck and shoulder regions create
complex functions in Cartesian coordinates that make principal axis direction
determination difficult, increasing computational load and detection errors. Po-
lar coordinates, a 2D coordinate system convertible with Cartesian coordinates,
can simplify pomelo contour curve description [20]. Formulas (1) and (2) cal-
culate the centroid coordinates, with the negative X-axis direction selected as
the polar axis. In the polar coordinate system, the horizontal axis represents
polar angle and the vertical axis represents polar radius, enabling Cartesian-to-
polar conversion for contour description [21] [Figure 8: see original paper]. The
maximum polar radius peak in the polar coordinate plot determines the offset
angle between vertical diameter and horizontal direction. To avoid excessive
data volume, fixed-step pixel selection was implemented. [Figure 9: see original
paper| compares step sizes m = [10, 20, 30], showing that m = 20 effectively
reduced computation while preserving maximal contour information.
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3.3 Polar Coordinate Curve Fitting

Curve fitting describes measured data using appropriate functions to analyze
variable relationships and extract patterns. This study employed polynomial
fitting represented by formula (3). Fitting quality was evaluated using correla-
tion coefficient R and root mean square error RMSE, where higher R and lower
RMSE indicate better fit. After coordinate conversion, polynomial fitting was
applied to contour data. Table 2 shows fitting results for different polynomial
degrees, revealing that when k = 15, R = 0.9714. Increasing k to 17 raised R
to 0.9715 with negligible improvement, while RMSE was 0.0190 and computa-
tion time was 0.000103 s, satisfying both contour representation and processing
speed requirements.

3.4 Vertical and Horizontal Diameter Detection

To improve accuracy and reduce errors, samples were classified as pear-like or
spherical. For pear-like pomelo, the vertical axis direction was first determined
using the direction angle, then vertical and horizontal diameters were calculated
as maximum distances in Y and X directions. For spherical pomelo, minimum
enclosing rectangle method was applied. [Figure 8: see original paper] and
[Figure 10: see original paper| show contours in both coordinate systems. In
polar coordinates, the difference between maximum and second peaks was most
significant, thus peak difference ratio CZ was calculated using formula (4). Ran-
dom sampling of 9 spherical and 9 pear-like samples determined a classification
threshold of CZ = 0.34.

For pear-like samples, the maximum polar radius corresponded to the calyx
position, enabling polar angle substitution for actual vertical diameter direction
angle with average error of 2.55° . Image rotation by this angle yielded vertical-
axis-upright contours, with Y and X direction maximum differences representing
vertical and horizontal diameters. For spherical samples with small diameter
differences, minimum enclosing rectangle method [22] was used: the fruit edge
rotated around the centroid through 360°, with the rectangle of minimum area
after rotation representing the fruit’ s vertical and horizontal diameters.

3.5 Shape Discrimination Model Establishment

Seven features (3 peak heights, 3 peak widths, 1 trough value difference) were
extracted from polar coordinate fitting functions to describe pomelo contours
[Figure 12: see original paper]. The 168 samples were divided into calibra-
tion (119) and validation (49) sets using SPXY method [23], which considers
both x and y variables to cover multidimensional space and enhance prediction.
BP neural network models were compared with 5-10 hidden nodes and three
transfer functions (tansig, logsig, purelin). The optimal structure of 7-6-1 with
tansig function achieved 84% accuracy. The input-hidden layer weight matrix
(wij) represented connections between nodes, with hidden-output layer weights
[-0.6010, 0.6917, 0.3088, -0.5669, -0.8380, -2.2320], hidden layer thresholds |-
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1.9280, -2.2626, -0.1841, 0.2974, 1.5112, 1.7438] , and output layer threshold
2.2937 defining the shape index. Classification criteria were: index (-oo, 1.5)
= standard shape; [1.5, 2.5) = first-class defect (excessive neck/shoulder); [2.5,
+00) = second-class defect (spherical lacking Shatian characteristics).

4 Results and Analysis
4.1 Contour Coordinate Transformation and Fitting Results

After coordinate conversion using formulas (1) and (2), polynomial fitting via
formula (3) was applied. Table 2 shows fitting results for various polynomial
degrees, with k = 15 yielding R = 0.9714. Further increasing k to 17 only
marginally improved R to 0.9715 while increasing computational complexity,
making k = 15 optimal with RMSE = 0.0190 and processing time = 0.000103
S.

4.2 Pomelo Diameter Detection Results

Manual caliper measurement of 168 samples yielded vertical diameters of 100.10-
218.22 mm and horizontal diameters of 88.74-161.36 mm. Image analysis of three
views (front, left mirror, right mirror) per sample was performed, with mean
values used as final measurements. Table 3 shows detection errors: horizontal
diameter average relative error = 1.4%, vertical diameter average relative error
= 1.6%.

4.3 Shape Feature Model Establishment and Validation

The BP neural network was trained using 119 calibration samples with initial
architecture 7-9-1 (7 input, 9 hidden, 1 output nodes) and learning rate 0.1.
Comparative analysis revealed 6 hidden nodes with tansig transfer function
achieved optimal 84% discrimination accuracy. The final 7-6-1 network structure
with tansig function was established. Validation using 49 samples [Figure 13:
see original paper] showed: Class 1 (standard shape, n=29) had 1 false positive
and 5 missed detections; Class 2 (minor defects, n=15) had 5 false positives and
2 missed detections; Class 3 (major defects, n=>5) had 2 false positives and 1
missed detection. The overall recognition rate was 83.7%.

5 Conclusion

This study collected complete surface images of 168 pomelo samples, converting
Cartesian to polar coordinates to simplify contour description while eliminat-
ing orientation effects through direction angle compensation (average error =
2.55°). Size detection achieved average errors of 2.23 mm (vertical) and 2.21
mm (horizontal) with average relative errors of 1.6% and 1.4%, respectively, at
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processing speeds of 0.000103 s. Seven contour features extracted from polar
coordinate fitting curves were used to establish a BP neural network discrimina-
tion model (7-6-1 architecture, tansig function) achieving 83.7% overall recog-
nition rate. The results demonstrate that the proposed method enables rapid,
non-destructive machine vision-based detection and grading of pomelo size and
shape.

Future improvements include: (1) applying additional deep learning algorithms
such as support vector machines for shape classification to identify superior
methods and improve recognition rates; (2) fusing information from three images
(front, left mirror, right mirror) rather than separate discrimination to enhance
shape evaluation accuracy.

References

[1] MA K, ZHENG W, HUANG Z. Existing problems and countermeasures of
the entrance of pomelo of Pinghe to markets of developed countries[J]. Plant
Quarantine, 2015, 29(6): 60-63.

[2] HE W, WEI A, MING W, et al. Survey of fruit quality detection based
on machine vision[J]. Computer Engineering and Applications, 2020, 56, (11):
15-21.

[3] YING Y, WANG J, JIANG H. Inspecting diameter and defect area of fruit
with machine vision[J]. Transactions of the CSAE, 2002, 18(5): 216-220.

[4] WANG H, XIONG J, LI Z, et al. Potato grading method of weight and
shape based on imaging characteristics parameters in machine vision system[J].
Transactions of the CSAE, 2016, 32(8): 272-277.

[5] WANG F, FENG W, ZHENG J, et al. Design and experiment of automatic
sorting and grading system based on machine vision for white agaricus bis-
porus[J]. Transactions of the CSAE, 2018, 34(7): 256-263.

[6] HUANG C, FEI J. Online apple grading based on decision fusion of image
features[J]. Transactions of the CSAE, 2017, 33(1): 285-291.

[7] ROSCHER R, HERZOG K, KUNKEL A, et al. Automated image analysis
framework for high-throughput determination of grapevine berry sizes using
conditional random fields[J]. Computers and Electronics in Agriculture, 2014,
100(1): 148-158.

[8] OO L, AUNG N. A simple and efficient method for automatic strawberry
shape and size estimation and classification[J]. Biosystems Engineering, 2018,
170: 69-78.

[9] ARENDSE E, FAWOLE O, MAGWAZA L, et al. Non-destructive charac-

terization and volume estimation of pomegranate fruit external and internal

chinarxiv.org/items/chinaxiv-202302.00221 Machine Translation


https://chinarxiv.org/items/chinaxiv-202302.00221

ChinaRxiv [$X]

morphological fractions using X-ray computed tomography[J]. Journal of Food
Engineering, 2016, 186: 42-49.

[10] LUO L, ZOU X, WANG C, et al. Recognition method for two overlapping
and adjacent grape clusters based on image contour analysis[J]. Transactions of
CSAM, 2017, 48(6): 15-22.

[11] WU M, GE X, LUO H, et al. On-line measurement method for volume and
surface area of red jujube based on multi-contour model[J]. Transactions of the
CSAE, 2019, 35(19): 283-290.

[12] OLATUNIJI J, REDDING G, ROWE C, et al. Reconstruction of kiwifruit
fruit geometry using a CGAN trained on a synthetic dataset[J]. Computers and
Electronics in Agriculture, 2020, 177: ID 105699.

[13] Ministry of Agriculture of the People’ s Republic of China. The Agricultural
Industry Standard of the People’s Republic of China-Shatian pomelo: NY /T868-
2004[S]. Beijing: China Standard Press, 2007.

[14] ZHOU Z, HUANG Y, LI X, et al. Automatic detecting and grading method
of potatoes based on machine vision[J]. Transactions of the CSAE, 2012, 28(7):
178-183.

[15] KLEYNON O, LEEMANS V, DESTAIN M F. Development of a multi-
spectral vision system for the detection of defects on apple[J]. Journal of Food
Engineering, 2005, 69(1): 41-49.

[16] FENG B, WANG M. Computer vision classification of fruit based on fractal
color[J]. Transactions of the CSAE, 2002, 18(2): 141-144.

[17] FU L, GAO F, WU J, et al. Application of consumer RGB-D cameras for
fruit detection and localization in field: A critical review[J]. Computers and
Electronics in Agriculture, 2020, 177: ID 105687.

[18] WANG W. Research on algorithms of multi-sensor images edge extraction
and matching[D]. Changsha: National University of Defense Technology, 2015.

[19] BEUVE S, QIN Z, ROGER J, et al. Open cracks depth sizing by multi-
frequency laser stimulated lock-in thermography combined with image process-
ing[J]. Sensors and Actuators A: Physical, 2016, 247(15): 494-503.

[20] ZHANG Y, LIU G, CAO D, et al. Basic operators of mathematical mor-
phology and application in image preprocessing[J]. Science Technology and En-
gineering, 2007, 7(3): 356-359.

[21] LIU S, DENG C. Transformation of coordinate system[J]. Journal of Jilin
Jianzhu University, 2016, 33(1): 43-47.

[22] HE Z, LI M, MA Z. Design of a reference value-based sample-selection
method and evaluation of its prediction capability[J]. Chemometrics and Intel-
ligent Laboratory Systems, 2015, 148(15): 72-76.

chinarxiv.org/items/chinaxiv-202302.00221 Machine Translation


https://chinarxiv.org/items/chinaxiv-202302.00221

ChinaRxiv [$X]

[23] GALVAO R, ARAUJO M, JOSE G, et al. A method for calibration and
validation subset partitioning[J]. Talanta, 2005, 67(4): 736-740.

[24] HUANG K. Detection and classification of areca nuts with machine vision[J].
Computers & Mathematics with Applications, 2012, 64(5): 739-746.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-202302.00221 Machine Translation


https://chinarxiv.org/items/chinaxiv-202302.00221

	Pomelo Fruit Shape Detection and Grading Method Based on Contour Coordinate System Transformation and Fitting (Postprint)
	Abstract
	Full Text
	Detection and Grading Method of Pomelo Shape Based on Contour Coordinate Transformation and Fitting
	1 Introduction
	2 Materials and Methods
	2.1 Sample Acquisition
	2.2 Image Acquisition System

	3 Feature Extraction and Shape Detection
	3.1 Image Preprocessing
	3.2 Contour Coordinate System Transformation
	3.3 Polar Coordinate Curve Fitting
	3.4 Vertical and Horizontal Diameter Detection
	3.5 Shape Discrimination Model Establishment

	4 Results and Analysis
	4.1 Contour Coordinate Transformation and Fitting Results
	4.2 Pomelo Diameter Detection Results
	4.3 Shape Feature Model Establishment and Validation

	5 Conclusion
	References


