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3. Artificial Neural Networks (ANN)
4. Shape ratio
5. Support Vector Machine (SVM)
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7. Binary images
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11. Support vector regression
12. Kernel function
13. Radial basis function
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Fig 4 Mass change of coated grape during storage
time based on (a) Farsi gum changes and (b) Hemp
seed oil changes.
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Fig 5 Volume change of coated grape during storage
time based on (a) Farsi gum changes and (b) Hemp
seed oil changes.
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Fig 7 Predicted mass via (a) LR, (b) ANN, (c¢) SVR-
RBF and (d) SVR-Linear versus actual mass
(measured).
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Table 1 Some of the best MLP neural network topologies to predict mass

Learn.ing Topology "zl‘raining , Test
function R? RMSE R’ RMSE
431 0942 0.41 0991 0032
Levenberg- 48-1 0929 0.63 0993 0026
Marquardt 4-17-1 0961 0.129 0989 0.047
4-11-1 0978 0.108 0979 0.074
4-6-1 0951 0.32 0984 0062
4-13-1 0973 0.112 0989 0.039
Momentum 4-19-1 0938 0.152 0985 0.054
423-1 0963 0.122 0982 0071

5 LROSVR (sleniy slbodie s Shas by 0l px
L Ol 03ls ae sazme Sl oslial b oY Lo 05 ey slaasi
o Sl OLS g3505 8 5 Sl s d alis op
A3 eslinad SOl e o Sle whe sl Jde oS
bols doe 5 Sas SL5ol glajatle 51 ik axlas o
ol s el Sias 5 oLk R® RMSE SSE

sl o 4o ¥ Jsd s Slaslas Jie 5 Shas

ol s sl a baesls e (e anm 5 53 IS (S
o Ol 5 sel s G106 S 4 eesls asgezs 5y
e Ol Ll osls 4 gozms 95 ,a s S Lol
8 RBF ws C"U L SVR oo a8 sl Ol s
S35 las 53 Sgpsbe ol b WU 4 o e
>J§\Lo.9~/‘\‘\Aﬁ\ﬂ¢m§%].bl{RBchU‘ﬁv;ﬁ

ot 03 AT et e b B Al e e

Table 2 Model assessment result for mass prediction.

Index
Bias R” RMSE SSE Model
0.067 0.928 0.176 24342 LR
0.026 0.993 0.026 4.657 MLP
0.011 0.998 0.018 3.287 SVR-RBF
0.054 0.973 0.116 15.761 SVR-Linear
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SVR-RBF and (d) SVR-Linear versus actual volume
(measured).
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Table 3 Some of the best MLP neural network topologies to predict volume

Learn.ing Topology "zl‘raining , Test
function RZ RMSE R’ RMSE
44-1 0924 0275 0952 0203
Levenberg- 4-16-1 0941 0225 0974 0.149
Marquardt 4-13-1 0939 0218 0968 0.154
49-1 0939 0222 0970 0.139
47-1 0944 0209 0971 0.132
422-1 0921 0292 0954 0.185
Momentum 48-1 0952 0201 0977 0.111
44-1 0940 0218 0961 0.167

oS bdae ple & cows RBF as GU L SVR g,
J:.gﬁ.:)\:(._?oﬁv;ﬁ):djﬁl{%lé4;;2:.2):3;“:\
Shols & el 1y 5 Slee 5ol LR 2y, dadis
ﬁ?l{ﬁj*ﬂjclg‘ﬂjww‘uéﬁ‘djl’bﬁ”\ﬁ‘:ij’u)l
b\j.n = U’?“PJ U’.:J-’) )\ oala! B (_S\MLA.:M @U.a J...ZL«&
V-:m-:-w 3 Ry )'\ Lﬁ-\ﬁ:ﬂ;\ C;Lrp).,a;- LS L d_l\_:\.'c
IYV] s Y] UL 6, cilises Oldis by Q»;-»;L*’ L;JS:L:

R PRERCH LS PN S PESSARUNNPY | IR /N FPHEE

Bl e bl 4y Sldie s ailS 5ty oS sboles
© RBF @ ol 61 ¥ 0 gy Jltis .12« RMSE
e 53 55 C 58 Gl axle .ol slal Cvsw /¥ &) 50
/e 870 %;@db:cujRBchudljds%
ot gl el S SYATY 5 /AR 5 b /OYEA
RBFMGUQSVRU;,) b wlie ol OLE
Mcu‘w;%,@ew\;db:cu@wdﬁ&us
5L aS 5 /AN 5 AN Ll S5 4 e ol 5 RBF
e b g Sl gl Sleo past o 8 dail) o
5hoeslizal b ocilee glaisy amslie ld e ASG I,

Table 4- Model assessment result for mass prediction.

Index
Model SSE Model SSE Model
0.143 0.878 0.275 55473 LR
0.071 0977 0.111 13.591 MLP
0.049 0.989 0.078 10.121 SVR-RBF
0.116 0.969 0.198 46.353 SVR-Linear
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In this study, the effects of Farsi gum (0, 1.5% and 3%) coating containing hemp
seed oil (0, 0.075% and 0.15%) on mass and volume changes of grape were
investigated during storage at 4°C for 28 days. Machine vision system with
learning machine methods was used to detect coated grapes from an image and
estimate their mass and volume based on the image features (length, width, height
and area). Four machine learning models, including linear regression (LR),
artificial neural networks (ANN), radial basis function support vector regression
(RBF-SVR) and Linear basis function support vector regression (LBF-SVR) were
developed to predict the mass and volume of the single grape. The estimated
grape mass and volume by these methods was compared statistically with actual
values. The mass and volume in all treatments showed a decreasing pattern
during the cold storage. The results indicated that mass and volume change
decrease with Farsi gum and hemp seed oil increasing. Furthermore, according to
the model evaluation results, the prediction performance of RBF-SVR model had
achieved better predictive accuracy compared with the results of LR, ANN and
LBF-SVR models, with R2 of 0.998 and 0.989 for mass and volume estimation,
respectively, which also showed a good agreement between actual and predicted
values. These results revealed that SVR model was a promising tool for
estimating the mass and volume of grape during storage.
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