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Abstract— In this investigation, an automated vision system "AVS" for non-destructive quality inspection of potato tubers "PT" was
developed. Color, size, mass, firmness, and the texture homogeneity of the "PT" surface, various sensitive features were studied, and
extracted from the digital image by using the R program. Otsu threshold method, RGB, Lu*v*, CIE LCh, color models, and texture
analysis by using the package Gray-Level Co-Occurrence Matrices (GLCMs) were applied. The results showed a great correlation
between the tuber pixel area percentages (DIM=dimension as a percentage of total pixels), and both mass and geometric mean
diameter (GMD) of all "PT" varieties. The color results demonstrated that the hue angle (i) ranged from 68.92 to 96.671 and the
"PT" color was classified into deep and light color intensity. The "AVS" could predict the mass and size, and gave statistical data at
the mass production level, in terms of the inspecting samples No., mass, and grades based on size, color, and free from injuries
through the texture homogeneity of tuber surface. A predictive model hypothesized based on the tuber's surface texture
characteristics for predicting the tubers firmness was statistically significant. This "AVS" can be applied as a non-destructive,
precise, and symmetric technique in-line inspection, the quality of "PT", also helping decision-makers in the agricultural field and
stakeholders to improve the horticulture sector through the statistical data issued by this system.
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appearance, texture, flavor, nutrition, and free of blemishes
I. INTRODUCTION (safe). Appearance attributes involved color, shape, and
crucial geometric properties, i.e., fruit dimensions, geometric

Agriculture is a major industry in Egypt, including . L . . .
production, processing, transportation, and support servicesMean diameter "GMD", and size. Meanwhile, to create

Considering the large population grows day after day, sizing systems, the physical attributes,_ i.e., volume, mass,
increasing agricultural production has become an urgentdenslty, and surface areas, are essential [3]. Therefore, the

necessity to meet their food needs. Egypt is Africa’s |arge5tappearance has_, a S|gn|f|§:an.t. impact on market pncesland
potato producer and ranks 14th in the world in terms of ware CONSUMer. Besides, it significantly affects transportation
potato production. The production amount of the "PT" crop op}ll_onj_ and Istorag? me_thods [.4]’ [5]. hods. i |

is 5.3Tg and is continually increasing annually to meet the ra |t|o(rj1a (glga ity mspectlgn rget % S, I.el.'b mat?ua
needs of overpopulation [1], [2]. Hence, the challenge arises>0rting and grading processes based on human labor, became

in applying modern technology in increasing agricultural slow, te(_1|0uks, tlrgle-corgsumlng, nfonr;conssteﬂt,dalnd fuI_I Ofd
production and quality inspection of agricultural products. Many mistakes. Also, because of these methods continue

Fresh horticultural commodity's quality is a combination of YS€: @ great loss in da'ga and StatiStiC.S on agricultural product
external and internal characteristics that give more quahty occurred, reducing the marketl_ng aqd export value of
acceptability to commodity value Egyptian crops that leads to lower national income [6].

Consumers judge the fresh fruits and vegetables "F & V" On the other hand, conventional methods used to inspect

quality based on appearance and quality characteristics at thggricult.ural prod_ucts ql_JaIity_ depend on human ingpecti_on
purchase time. Quality characteristics of "F & V" include according to their physiological maturity by eye trained in
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determining color, size, and free of defects, also detectcombination of both color and texture features increased the
hardness or firmness by hand touch [7]-[9]. Thus, there are aaccurateness in all the grading classes in the "IP" features
lot of instruments such as Magness-Taylor (MT) firmness evaluation [23]. An "MVS" has been developed for grading
test, Brix refractometer for soluble solids content, dried figs and the results showed that there was enhanced
colorimeter to measure color, and High-performance liquid sorting accuracy for all the classes up to 95.2% and the
chromatography (HPLC) instrument to estimate chemical system mean rate of 90 kgh-1 for the grading process [24].
compounds. These techniques are destructive and only cacarrot grading using "MV" system and the results showed
test a few samples, and they are not suitable for sorting andhat the constructed image acquisition system "IAS" success
grading each sample of "F&V". Therefore, a suitable to extract the feature parameters of the carrot accurately [25].
solution over the years is non-destructive methods. Among As a simple and easy to solve algorithm, the extreme
the many types of non-destructive sensing techniques,learning machine (ELM) model based on shape and color
optical techniques are instrumental because they are rapidparameters has the best recognition effect and the accuracy
non-destructive, cost-effective, and generally safe to use. Byreaches 96.67%. Applied computer vision system "CVS"
the acceleration of the growth and development in machineand machine learning algorithms "MLA" aims to obtain a
vision system "MVS" technology, it has become possible to prediction model for cherry tomato volume and mass
overwhelm these limits precisely and non-destructively estimation [12]. The results showed that the prediction
based on machine vision systems for fresh "F&V" quality model's accuracy was 0.971 and 0.969 in mass and volume.
detection [10]. Hence, it concluded that the system as a non-destructive
Furthermore, fresh "F&V" quality inspection based on technique can be applied in both on and/or inline post-
"MVS" by computer has gained an excellent reputation harvest processing of cherry tomatoes for automatic sorting
compared to her counterpart that depends on human labor and grading procedures. Likewise, an "MVS" has been
furthermost packinghouses in the developed countries [11].developed to detect irregular potatoes in real-time, and the
"MVS" dependent on computers and programs based onexperiments showed that the success of an in-line "MVS"
image processing and analyzing data, provide precision inwas 96.2% [26]. As well as, the well-shaped potatoes were
performance, speed, high productivity, statistics in addition classified by size, reaching 100%., accuracy. By the same
to low cost. As many researchers mentioned that, as a resultoken, an algorithm-based "IP" technique has been
in recent advances in computer technology, automation, anddeveloped for detecting in-line "PT"s "PT", and the results
control a lot of manufacturers have revolved their care to showed that 100 and 97%, of the contact points between the
"MVS" inspection as particular in quality inspection of tubers and the clods were found successfully [27]. Therefore,
agricultural products [12]. Most automated machine vision it concluded that the algorithm can be applied to the packing
systems "AMVS" for agricultural products inspection quality, houses to replace the traditional method. From this
depend on their theory of work, on taking the object image perspective and considering strengthen the competitiveness
or more to be inspected, then, image processed and analyzeof Egyptian agricultural exports. This study's main
to determine the object quality [13]. Computer vision objectives are to develop an "AVS" to inspect the "PT"
systems "CVS" in "F&V" sorting mainly focus on some quality and provide a digital database depends on color, size,
quality features, i.e., color, size, shape and presence, externahass, and external injuries percentage.
defects of the fruit [14]. The RGB, HSI, and CIELab color
models are usually used for color inspection of "F&V" Il. MATERIALS AND METHODS
quality. Lab color space is frequently less affected by the _ )
camera sensor variants compared to the RGB color modef* Experiment Setup and Data Collection
[15]. An image-processing "IP" algorithm for extracting Experiments of this study were conducted between
shape, size, and color features for sorting tomatoesFebruary 2019 and May 2020 at the Agricultural
accordingly [15]. "AMVS" has been developed for the Engineering Research Institute (AENnRI), Horticultural
potatoes shape classification [16]. Research Institute, Agricultural Research Center (ARC),
Moreover, "MVS" is used based on "IP" techniques to Egypt, and CREA (Council for Agricultural Research and
inspect and measure the date fruits and potato qualityEconomics) of Treviglio (BG), Italy. Spunta, Alpha, and
according to some quality attributes i.e., color and size [13]-Burn, various varieties of "PT"s were used. From one of the
[17]. Texture features are also referred to as second-ordedomestic markets, 100 tubers/variety were selected at the
features because they capture the gray values, spatial thaipe stage, differ in shape, mass, and size. Subsequently,
contribute to the texture perception, by representing thetubers were washed, dried with a paper towel, and labeled
properties of pixels in pairs [18]. Texture property is with a number. Some physical characteristics of "PT"
representing the surface and the image object structure [19]samples were measured, for use in developing the automated
A gray-level co-occurrence matrix algorithm (GLCM) is a vision system based on "IP" and analysis, for inspection
tabulation of pixel brightness values (gray levels) that occur quality of "PT" and prediction of some quality attributes.
in an image and describes the image texture, which is arDigital vernier caliper measured length, width, and the
examining texture statistical method, that considers thethickness of each tuber with an accuracy of 0.01 mm,
relationship of the spatial pixel [20], [21]. Where, different geometric mean diameter (GMD) was calculated [28]. The
features, i.e., correlation, angular second moment, contrastmass was recorded by electronic digital balance having a
entropy, etc., can describe the textured surface and areensitivity of 0.01 g. Finally, the firmness of each "PT" was
enough to find a respectable relation between image texturemeasured by fruit hardness tester (model FR-5120) with
and food properties [22]. Therefore, it is confirmed that the penetrometer tip 11 mm, and the "PT" firmness values
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expressed kgf. The image capture system is composed of &ustria [29]. By applying the Otsu threshold method after
black lighting chamber painted, equipped with a machine conversion to grayscale, to binarize the image and count the
vision camera (Model SXY-130 equipped with lens "2/3 percentage of the white pixels belonging to the tuber
Mega-Pixel) in a vertical position always at the same height compared to those of the entire photograph that represented
equal to 40 cm above the tuber. The lighting source wasthe tuber with the black background. Otsu's thresholding
always identical, it consisted of two parallel lamps (Natural method is useful to perform clustering-based image
Daylight, 20W/965, Toshiba, D65, standard light source) thresholding automatically. The algorithm assumes that
each lamp contains two fluorescent tubes installed at animage pixel intensities' distribution follows a bi-modal
angle (48) and 35 cm height above the tuber. The camerahistogram and separates those pixels into two classes (e.g.,
was connected via Intel core i5-3320M, 3.30 GHz, 8 GB foreground and background). The optimal threshold value is
physical memory (Intel® HD Graphics 4000), Microsoft determined by minimizing the combined intra-class variance.
Windows 10. The tubers were photographed with a The threshold value was calculated for each image frame
resolution of 480,000 pixels, two images were taken for eachseparately, resulting in an output vector of length equal to

tuber for subsequent analysis. the image's total number of frames. Therefore, the
_ percentage incidence of the pixels (DIM=dimension as a
B. Image Processing Code percentage of total pixels) attributed to the tuber concerning

The images were processed, using R software the total number of pixels was calculated as shown in Fig. 1.
(Comprehensive R Archive Network-CRAN), of the
Institute for Statistics and Mathematics in Wien-Umgebung,

. ’ | = lmw o
. - » - + - " »

— . Ter :
HNg0! SUTNUN. rrammi 174 Seemt 9% Inage: SOOX600 Frame: 1/3 200m: 53%

Image = 800 x 600 = 480,000 pixels

Potato = 93965 pixels

Ratio of the potato = 19.58 %

(a) Original Image (b) Binary Image (c) DIM
Fig. 1 Depicts the image segmentation process and marks the region of interest (ROI).

Color analysis and color feature extraction, a median filter which allowed to obtain a RasterStack, which is an object
was used to remove noise from images. Subsequently, aontaining six calculated layers; Mean (the average value of
central surface was identified for all the tubers, in which the gray level), dissimilarity (dissimilarity between the
three-color samples were performed. The images weregrays), contrast (the contrast between the levels), entropy
analyzed by separating their three layers dedicated to thgthe entropy of the distribution of the gray levels),
RGB channels. So, for each pixel observed, the homogeneity (the gray homogeneity), and the second
corresponding value was read in layer R, G, and B.moment (gray distribution ratio) as shown in Fig. 2.
Subsequently, the values were converted to CIELUV model . _

[30] through the grDevices R package, which defined by the & Slatistical analysis

three L, u* and v* coordinates, wherg,@ the chroma and Minimum, maximum values, averages, standard
h, is the hue: deviations, and coefficient of variation were counted with
the Excel program. Data relating to the color and uniformity

Cov =y (W)? + (v*)? 1) information of the "PT" images were processed [29],

@) through the basic packages, and in addition to the Agricola
package. The mean and standard deviatiosis Were
Where, atan2 function, a "two-argument arctangent”, calculated and after the verification of the conditions of
computes the polar angle from a Cartesian coordinate pair. normal data distribution (Shapiro-Wilk test) and
Texture analysis of "PT" is determined through the homogeneity of the variances (Bartlett test) the analysis of
package Gray-Level Co-Occurrence Matrices (GLCMSs) variances was developed (ANOVA), considering varieties
algorithm [20-31]. The texture calculation is coded in C ++ and samples as factors. Pearson linear correlations between
to optimize computation time. The GLCM function of the the observed factors were also investigated.
software R was therefore applied to the loaded raster’s,

huv = atan2(v*, u*)
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Fig. 2 Describe the processing of GLCM and extract distinctive texture features of potato

RESULTS ANDDISCUSSION

Some physical characteristics of "PT" samples und
study were described by measuring each of length, widt
thickness, mass, and firmness, to develop an automate
vision system "AVS" to inspect the quality of "PT" non-

destructively. Furthermore, the geometric mean diameter
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er (GMD) for each tuber was calculated. Both mass and
h."GMD" estimation results for "PT" data are sketched in Fig.
’@, which demonstrates the wide range of differences in mass
and size between diverse "PT".
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Fig. 3 The mass and GMD estimations of "PT".

250 300

Similarly, the statistics "PT" data of length, width, mm,71.91 mm, and 235.75 g for length, width, and mass,
thickness, GMD, mass, and firmness are listed in Table I.respectively, followed by Burn and Alpha varieties. On the
Evidently, there are no substantial differences between thecontrary, the highest average value of firmness was 6.44 for
Alpha and Burn potato varieties. In contrast, the Spuntathe Alpha variety while the lowest average value of firmness
variety recorded the highest average values of 85.94was 5.33 (Kgf) for the Spunta variety.
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TABLE |

SOME PHYSICAL CHARACTERISTICS FORSOME VARIETIES OF'PT"

predict size and mass, and classify these tubers based on size
and mass into more than one category. After completing the

Physical Max. Min. Ava. b ov segmentation process of the image and determining the
characteristics region of interest (ROI) in the image "PT", all white pixels
L (mm) 120.20 50.00 91.56 1791 02 representing the "PT" were counted and then the percentage
o W mm) 70.70 30.80 57.22 973| 011 was taken according to the total area of the image, the results
£ | Tm 60.10 30.09 44.99 7.37 0.1  gre recorded in Table Il.
< | GMD (mm) 75.29 35.92 61.66 1032  0.11
Mass (g 29061 35.1¢ 1784, | 71.91 | 0.4C TABLE Il
Firmness 8.05 520 6.44 0.65 0.10 SOME STATISTICAL PROPERTIES OFT UBER PIXELS PERCENTAGES
I:l(r;;m) 120.90 60.10 86.89 15.18] 0.17 Potato Varieties
W (mm) 76.60 40.50 60.30 829 0.4 Statistical properties | ?'P(L‘/a) = ellasu(ror}) = iﬁ)s“?oﬁa;
e [ T@mm) 60.30 40.00 49.72 5.47 0.1 Pixels (% IXe's (% Ixe's (o
3 GMD (mm) 80.13 46.04 63.71 7.95 0.17 ',\\A/I?r:( - 2;136165 267:.’314 %8;14
Mass (g) 363.04 62.19 18024 695 0.30 Avg. 15.60 1527 158
Firmness 7.41 5.43 6.29 0.55 0.09 SD 5.01 4.39 5.14
L (mm) 164.50 69.60 107.28| 2117 02 cV 0.32 0.32 0.33
W (mm) 82.33 51.70 64.59 8.06 0.1
% T (mm) 76.50 39.95 54.42 1079 0.2 The incidence percentages of the tuber pixels
& | GMD (mm) 89.68 56.29 71.91 10.32  0.14 (DIM=dimension as a percentage of total pixels), showed
Mass () 414.66 111.69 235.75 97.7 041  that the percentage of the average pixels of potato varieties
Firmness 6.42 4.20 5.33 0.70 0.13 was 15.60, 15.27, and 15.8%., for Alpha, Burn, and Spunta,

Max. (lvll:':ixi?num value), Min. (Minimum value), Avg. (Average), SD (standard
deviation), CV (coefficient of variation), L. (length), W. (width), T. (thickness), GMD
(geometric mean diameter).

A. Vision system
The "AVS" for non-destructive quality inspection of "PT"

in this study uses the calibration method to detect the actuaPixels range for Spunta, were 8.84 to 28.14%., with "SD"
size and "PT" mass. A pixe| is a measuring unit of d|g|ta| 5.14. Furthermore, obtained results Clearly show that there

image and to calibrate the number of pixels to actual size bywas a positive linear correlation between the pixels
mm and actual mass by g. Therefore, it was necessary t@ercentage of tubers and both mass and GMD for all potato
measure all data about size represented in GMD and mas¥arieties as shown in Fig. 4.

for each "PT" to establish a precision calibration system to

respectively. While within each variety there was a
considerable variability about the tuber size. Where, the
pixel percentage (Pixels %) range, was 4.66 - 23.15% with
"SD" = 5.01 for Alpha. As well as Burn was between 6.34
and 27.94%., with an "SD" equal to 4.39. While the tuber

350 400 450
y = 14.246x - 44.07 A y = 13.996x - 33.415 B y = 17.446x - 41.664 S
300 R* = 0.9841 350 R* = 0.9859 200 Ri=0.947 €
250 A 300 350
- 250 _ 300
200 ) 8250
@ 200
8 150 i 4 200
2 S 150 s
100 150
100 100
0 ° 50 50
Y 0 0
Y 5 10 15 20 25 0 5 10 15 20 25 30 0 5 10 15 20 25 30
Tuber pixel percentage (%) Tuber pixel percentage (%) Tuber pixel percentage (%)
100 100 100
y = 2.0409x +29.774 A y = 1.5406x +40.217 B y = 1.8502x +42.268 S
R*=0.9539 R* = 0.9245 R? = 0.9207 58
o
80 80 o o 80
- °© - - o
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=) 2 o) =Y
2 = of =
© w0 © % © w0
o
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Fig. 4 Correlation between the values of pixels percentage and both mass and GMD for Alpha (A), Burn (B), and Spunta (S).
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Rather, mass = 14.25 (Pixels %) - 44.07 with R = 0.98, = of 4.59%., while the ranged of the difference’s values
14 (Pixels %) - 33.42 with R = 0.99, and = 17.45 (Pixels %) between measured and predicted GMD were 0.56 to 5.71
- 41.66 with R = 0.95 for Alpha, Burn, and Spunta varieties, mm, with a mean error ratio 3.04%. These results show the
respectively. Meanwhile, GMD = 2.04 (Pixels %) + 29.77 high accuracy of the potato automated vision grading system
with R = 0.95, = 1.54 (Pixels %) + 40.22 with R = 0.93, and according to mass and GMD.
= 1.85 (Pixels %) + 42.27 with R = 0.92 for Alpha, Burn, TABLE IV
and Spunta varieties, respectively. Given, mass, GMD, and  The VERIFICATION OF THEACCURACY OFGRADING "AVS" FOR"PT"
the current wide range of "PT" as pixels (%) that ranged ACCORDING TOMASS AND GMD PARAMETERS

from 4.66 to 28.14% as mentioned in Table II, the "PT" weré
- . . . . . Mass (9) GMD (mm)
classified into five categories according to these ranges gs ¢
tabulated in Table IlI. é E . § . s g § . § o | = g
TABLE Il § | 83 | 85 | & 5 | 83| 88| £ | &
SIZING CATEGORIES OF'PT" ACCORDING TOMASS, GMD, AND DIM = a a i = a [a] |
N. Categories Mass () GMD (mm) DM Pixels (%) 1 258.84 | 268.44] 960 371 7298 76.09 3l11  4pe
) Jumbo & 350 =80 =25 2 155.73 | 164.63] 890 574 5712 6283 571 10000
T Big 3E0<11 <350 | 69<1 <80 105 11< 35 3 199.22 | 207.67| 845 424 6735 6833 098 116
: = = = 4 209.18 | 214.03| 485 237 6822 6944 0[92 1B5
m Medium 150= i< | o0 1<69 | 135<11<195 5 | 8974 | 8883| 001] 101 5198 5345 1f7 205
250 6 85.1 7346 | 11.64 1368 4980 5119 189 2.9
Iv. Small 50<IV<150 | 43<IV<57| 6<IV<135 7 28425 | 267.72] 1653 58] 7543 7509 0|56 0J74
V. Very Small V <50 V <43 V<6 8 11441 | 108.41] 6.00] 524 5389 5545 1]76  3p7
GMD (geometric mean diameter) and DIM (dimension as a percentage of total pixels)| 9 272.08 | 266.98 5.10 1.87 73.897 7590 2/03 2[5
10 | 166.87 | 170.61] 374 224 62.2 636 0o8 156
Avg. 459 3.04

- . .. . Delta (\) Difference between predicted and measured values
The verification test of the automated vision grading ® P

system for "PT" according to mass and GMD was conducted,

then, the performance, accuracy, and results of the propose8. Color analysis

grading vision system are listed in Table IV. The results Color analysis of "PT", performed by RGB, Lu*v* and
show that the differences between measured and predicte€|E LCh,, color models and statistical details (e.g., Min.,
mass ranged from 0.91 to 16.53 (g) with a mean error ratioMax., Avg, SD, and CV), were presented in Table V.

TABLE V
THE COLOR VALUES OF"PT", PERFORMED BYRGB, Lu*Vv* AND CIE LCHUV COLOR MODELS
Parameters R G B L u* v* hyy Cuw
Max. 255.00 230.00 174.00 91.66 8.42 53.87 92.97 54.08
Jo Min. 163.00 133.00 47.00 56.88 -1.73 28.57 80.13 28.57
=3 Avg. 219.29 188.18 115.18 77.46 2.04 41.10 87.50 41.21
< SD 13.04 14.81 18.34 5.22 1.38 3.91 1.76 3.95
CV 0.06 0.08 0.16 0.07 0.68 0.10 0.02 0.10
Max. 255.00 238.00 166.00 93.97 9.63 57.57 96.61 57.66
c Min. 138.00 106.00 33.00 46.78 -4.31 36.99 78.26 37.24
g Avg. 219.64 185.71 99.30 76.56 2.27 47.68 87.49 47.81
SD 14.94 16.27 16.53 5.70 1.80 3.52 2.31 3.47
CV 0.07 0.09 0.17 0.07 0.80 0.07 0.03 0.07
Max. 255.00 255.00 180.00 98.47 20.93] 63.21 96.10 64.48
g Min. 176.00 115.00 52.00 51.77 -6.05 34.56 68.92 35.16
= Avg. 237.59 193.67 104.22 80.43 6.40 50.10 83.06 50.85
2 SD 21.53 32.10 28.29 10.46 6.49 7.97 6.66 8.32
CV 0.09 0.17 0.27 0.13 1.01 0.16 0.08 0.16
R. (Red), G (Green), B (Blue), L (Lightness), u* & v* (chromaticity coordinateg(hlne angle), G (chroma)
The highest average values of R were 237.59+ 21.53 forfrc [ T ris a

Spunta, followed by Alpha and Burn varieties almost the wi |
same value around 219. Thus, the highest average values of
G, were reported by Spunta then Alpha and Burn varieties.
While, the highest average values of B were notified at the
Alpha variety followed by Spunta and Burn, respectively,
this large range of differences in RGB values is shown in Fig.
5(A). As regards to the colorimetric coordinates of the _ _
Lu*v* color model, Alpha variety recorded an average value A B

of L=77.46 £5.22, u* = 2.04 £ 1.38, and v* = 41.10 + 3.91, Fig. 5 Three-dimensional graphs depicted the wide range of RGB (A) and
Burn variety L = 76.56 £ 5.70, u* = 2.27 + 1.80 and v* = LCh, (B) color models.

47.68 + 3.52, also Spunta L = 80.43 + 10.46, u* = 6.40
7 il ’ Where the average values of the CIE LCtolor model
6.49 and v* = 50.10 + 7.97. Meanwhile, it was also noted were as follows, the averages of hue angl@ (here 87.50 +

o,
L
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1.76, 87.49 + 2.31, and 83.06 +6.66 for Alpha, Burn, and C. Texture analysis

Spunta varieties, respectively. Similarly, the average values Texture features of different potato varieties were
of chroma (G,) 41.21 + 3.95, 47.81 + 3.47, and 50.85 + 8.32 analyzed by converting the color RGB image into a
for Alpha, Burn, and Spunta varieties, respectlvely_. Th_rough grayscale image. The gray level co-occurrence matrix
the color range of the hue angle,jfhfor "PT", which is  (GLcM) is determined using this grayscale image by
classified into two classes_of color according to the results Ofextracting five texture features, dissimilarity, contrast,
the hue angle (). Where it was observed that the samples gntropy, homogeneity, and second moment as listed in Table
that recorded color angles,(hwith an average greater than v/ The average of mean dissimilarity values equals 3.06 +
85, the color intensity is low compared to the samples of 0 64 in Alpha against 2.60 + 0.73 in Burn and 1.64 + 0.63 in
"PT" that recorded the average color angleg (#f less than  Spunta. As well, the average value of contrast means

85 as described pictorially at Fig. 6. observed in Alpha was 20.03 + 5.23 versus 15.55 *+ 5.94 and
; - . . , 8.70 £ 4.75 for Burn and Spunta respectively. It is clear from
. : the results of the texture features analysis by GLCM of "PT",

that there were very high values in each of the dissimilarity
5 and contrast versus low values for the homogeneity feature.
1 s

'Low-intensity color High-intensity color '
Fig. 6 Low and high color intensity of some "PT"

TABLE VI
TEXTURE FEATURESANALYSIS BY GREY LEVEL CO-OCCURRENCEMATRIX (GLCM) OF"PT"
Alpha Burn Spunta

Texture features 2 Max. | Mean 2 Max. | Mean 2 Max. | Mean
2 Min. 3180.83 3.70 0.85 | 3165.36 | 3.08 0.75 | 3348.29 | 3.51 | 0.90
3 Max. 15287.51| 7.27 4,10 | 62790.75| 7.70 3.98 | 11507.57| 6.88 | 3.08
E Avg. 11374.34 | 5.94 3.05 | 11830.42| 6.12 2.60 | 613444 | 524 | 1.64
@ SD 2378.00 0.87 0.64 | 10265.27| 1.19 0.73 | 2356.70 | 1.03 | 0.63
& CV 0.21 0.15 0.21 0.87 0.19 0.28 0.38 0.20 | 0.38
- Min. 40406.04 | 40.28 | 10.83| 9912.87 | 22.67 | 2.66 | 14057.25| 30.69| 3.77
g Max. 116492.36| 105.10| 31.22| 93481.03| 106.92| 25.06 | 75214.40| 80.87| 20.16
‘g‘ Avg. 74724.10 | 68.59 | 20.03 | 58005.92| 66.43 | 15.55| 32446.97| 53.99| 8.70
(&) SD 19520.04 | 15.37 | 5.23 | 22155.37| 16.81 | 5.94 | 17721.32| 15.15| 4.75
CV 0.26 0.22 0.26 0.38 0.25 0.38 0.55 0.28 | 0.55

Min. 12382.47 | 4.23 3.32 | 8106.43| 3.79 2.17 | 7200.87 | 3.42 | 1.93

2 Max. 15081.94 | 4.37 4.04 | 14404.39| 4.37 3.86 | 13702.66| 4.35 | 3.67
% Avg. 14072.44 | 4.31 3.77 | 12994.04| 4.26 3.48 | 9861.80 | 4.10 | 2.64
w SD 741.94 0.03 0.20 | 1321.95| 0.11 0.35 | 2146.45| 0.31 | 0.58
(Y 0.05 0.01 0.05 0.10 0.03 0.10 0.22 0.08 | 0.22

-g Min. 885.69 0.43 0.24 | 1039.29 | 0.45 0.28 | 1295.22 | 0.69 | 0.35
S Max. 1577.22 0.83 0.42 | 2729.99 | 0.97 0.73 | 2633.47 | 0.98 | 0.71
2 Avg. 1179.87 0.58 0.32 | 1429.11| 0.71 0.38 | 2098.86 | 0.90 | 0.56
g SD 198.89 0.11 0.05 341.67 0.13 0.09 421.35 0.09 | 0.11
T (Y 0.17 0.19 0.17 0.24 0.18 0.24 0.20 0.10 | 0.20
- Min. 77.81 0.04 0.02 95.55 0.06 0.03 223.06 0.38 | 0.06
2 S Max. 358.63 0.48 0.10 741.78 0.87 0.20 | 1080.89 | 0.91 | 0.29
§ g Avg. 124.52 0.14 0.03 191.21 0.29 0.05 702.27 0.72 | 0.19
w g SD 57.64 0.11 0.02 123.16 0.19 0.03 343.53 0.16 | 0.09
(Y 0.46 0.77 0.46 0.64 0.68 0.64 0.49 0.23 | 0.49

Comparing these results with its potato images it is which were the cause of the heterogeneity in the tuber
observed that there are various shapes of external injuriessurface as shown in Fig. 7.

.
.,

- - Y &%lﬂ‘v:n. TR Wﬁf«}{‘i o o)
S = o] o " o S Wy g

:"::,j ‘/:"Ll:.'. i -
Fig. 7 Depicts some forms of surface injuries on "PT"
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Therefore, it is possible to use these texture features tovarieties (p <0.05), while for the other color coordinates
inspect the "PT" external injuries. The analysis of normality there was no significant difference between the means. The
through the Shapiro-Wilk test and the Levene test of theanalysis of the correlation Table VII, between the values
observed factors showed the normality of the values and theobtained, showed an inverse -correlation between the
homogeneity of the variances, a necessary condition for thenormalized dissimilarity value and the colorimetric
ANOVA development variance analysis of the verification coordinates L and ( of -0.12, while it showed a positive
of the factors statistically significant in their influence on the correlation with the } of 0.08. For the principal component
results. For the chroma (§ color coordinate, tuber size analysis (PCA), factors (DIM), the dissimilarity, contrast,
(DIM), and the dissimilarity (GLMC- DISS) the ANOVA  homogeneity from GLMC, and the color coordinates [, h
showed statistically significant differences between the and G, were therefore taken into consideration.
varieties (p <0.01) and between the samples within the three

TABLE VIl

PEARSONS CORRELATION COEFFICIENTS(N=300)AMONG LU*Vv*, CIE LCHUV COLOR MODELS, AND IMAGE TEXTURE ANALYSIS

Dim. Pixels L u* v* hyy C, Hom. Con.
L -0,02 n.s.
u* 0,41 i -0,62 bkl
v* 0,11 n.s. 0,21 wk 0,05 n.s,
h 0,15 * -0,52 **k 10,58 *kk 10,25 |
uv
c 0,13 n.s. 0,19 *x 0,09 ns| 1,00 x| 20,25 ok
uv
Hom 0,23 *x 0,25 *k1-0,12 ns.| 0,26 **%k 1 -0,15 * 0,25 rokk
Con -0,26 ok -0,20 *x -0,12 ns.| -0,31 | ** | -0,01 n.s. -0,31 *k 20,45 rokk
Dis -0,11 n.s. -0,12 n.s| -0,05 n.sg. -0,12 n.g 0,08 n.s. -0,12 n.s. -0,14 n.s. 0,17 *

* **and***: significant at p<0.05, 0.01 and 0.001 respectively.
L (Lightness), u* & v* (chromaticity coordinates),lthue angle), & (chroma), DIM=dimension as percentage of total pixels, Hom. (Homogeneity), Con. (Contrast), Dis.
(Dissimilarity)

The first component PC1 explained 30.76% of the Most of the Spunta (rhombus) variety is in this area. On the
variance and the second PC2 was 20.86% of the variance, sopposite side of the graph, quadrants Il and 1V, there are the
overall the biplot of the two components explains almost tubers with greater contrast and dissimilarity texture features,
51.62% of the variance and suggests the distribution of thesmaller dimensions, and highegy, kalues.
point cloud in three groups (Fig. 8). Most of the Alpha varieties are found in this area, while

The biplot highlights the distribution of points in three the Burn variety has about half of the tubers with
groups, which are represented by the ovals that contain 95%characteristics like Spunta and the other half more like
of the samples of each variety. The loadings, that are theAlpha variety of the variables observed. The Burn variety
coefficients of the linear combination of the initial variables had fewer variables values that make up the PCA analysis,
from which the principal components are constructed, thatbecause it has low values for both dimensions and
had a greater effect in the distribution of the points on the colorimetric parameters, in addition to a slightly lower value
first component, in a positive way were the homogeneity and of texture features. From the texture features values obtained
the components of the color (L, and with a negative through the GLMC analysis, the verified, with the R
effect, the contrast and the color componept fhe software's stats and MASS packages to obtain a prediction
loadings that had a greater effect on the distribution of themodel for firmness values of the tubers. The mean square of
points on the second component, in a positive way where theerror (MSE) of the prediction model was 0.47, the lower
component of the color as well the dimension of the among other models, and -49.02 of Akaike information
tubers, while with a negative effect, the contrast and thecriterion (AIC), was that according to which the: Firmness =
color component L. The variables that affect the distribution 5.35*** — 0.044 Contrast* + 0.058 Dissimilarity*** — 0.006
of the cloud of the points representing the tubers haveHomogeneity Where *** = p-value <0.001, *= p-value<0.05
created a right area of the graph (quadrants | and 1) in whichWhere this relation between the firmness property of "PT"
the tubers are characterized by greater homogeneity, sizand texture features extracted from the potato image was
(DIM), and higher values of and L color parameters. verified as tabulated in Table VIII.
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Component 2 (20.86% variance)
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Fig. 8 Score plots of the PCA carried out on DIM, L, &, Dissimilarity, Contrast, and Homogeneity

TABLE VI
THE COMPARISONBETWEEN THEMEASURED ANDPREDICTEDV ALUES
OF FIRMNESSPROPERTY.

N Firmness (Kgf)

Samples Measured Predicted Delta | Error Ratio
Value Value (A) (%)

1 5.2C 5.6¢ 0.4¢ 9

2 5.3t 6.0¢ 0.6¢ 13

3 5.4¢ 5.8¢ 0.37 7

4 5.5¢ 6.42 0.84 15

5 5.87 6.3C 0.4< 7

6 6.27 6.2¢ 0.01 0.2

7 6.5¢ 6.2¢ 0.2¢ 4

8 6.82 6.2¢€ 0.5¢ 8

9 7.0C 6.3¢ 0.61 9

1C 7.41 6.52 0.8¢ 12
Averaqe 8

and more samples to obtain an ideal prediction model for
classifying potatoes based on firmness property.

IV. CONCLUSION

In this study, "AVS" based on "IP" and corresponding
algorithms were established and developed by using R
software to inspect the "PT" quality as well as, providing a
digital quality index of "PT" depends on mass, color, size
grading, and external injuries percentage database. The
results showed that the vision system "VS" could inspect the
non-destructively external quality of "PT" according to size,
mass, color, and texture. Simultaneously, the "VS" proved
the potential to determine and classify the color of "PT" into
two degrees of deep and light color. The "AVS" was able to
measure the texture and to classify the tubers into

That clarifies the differences between measured andhomogeneous and heterogeneous, i.e., with an external
predicted values of firmness of "PT" and the mean value ofinjury. As well, the relationship between the texture features
the error ratio of about 8%. Through these results, theand the firmness property of potatoes needs further study.
authors believe that the predictive model of the firmness The results met consumers' needs and the market's
property needs further study on other varieties of potatoesrequirements by applying good quality criteria, which laid to
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important scientific base for developing a sorting and [15]
grading production line of "F&V" based on an "AVS".
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