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1- Artificial Neural Networks
2- Multilayer perceptron (MLP)
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3- Titratable Acidity (TA)
4- Ripening Index (RPI)
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Table 1- Some of the best MLP neural network topologies to predict weight loss (WL)
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Table 2- Experimental and predicted result of hawthorn fruit for firmness and weight loss change at different storage

conditions
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Storage 39) Experimental <™ Error  EXPerimental i Error
conditions Storage value Predicted value Predicted
time (day) value value
0 0.00 0.00 0.00 17.2 175 -0.3
5 2.65 2.87 -0.22 16.4 16.5 -0.1
CCS 10 5.75 5.65 0.10 15.7 15.7 0.0
15 10.11 9.98 0.13 151 149 0.2
20 19.17 19.29 -0.12 14.6 144 0.2
0 0.00 0.00 0.00 17.2 171 0.1
5 3.1 2.95 0.15 16.2 16.4 -0.2
RFS 10 7.93 8.04 -0.11 154 153 0.1
15 10.11 10.28 -0.17 148 148 0.1
20 26.11 26.54 -0.43 141 139 0.2
0 0.00 0.00 0.00 17.2 174 -0.2
5 6.11 6.07 0.04 143 144 -0.1
RMS 10 12.36 12.37 -0.01 12.9 12.7 0.2
15 24.17 23.94 0.23 11.6 11.3 0.3
20 35.11 34.83 0.28 10.2 9.9 0.3
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* Values represent mean of ten independent replicates or predict.
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Fig.1. Dispersion curve for the measured and the predicted values of weight loss by MLP neural network for best model
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Table 3- Some of the best MLP neural network topologies to predict firmness (F)
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Parameter function of Learning function Topology 2 2
hidden layer R MSE R RMSE
©)ls8 o= S yig) 3-12-1 092 052 098 018
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O9uS| L350 Sus Marquardt 3-10-4-1 095 029 099 0.05
SigmoidAxon
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Momentum 3-15-6-1 095 016 0.98 0.08
F
g )lemS 5y 3-7-1 090 065 097 021
Levenberg-
Sl Marquardt 3-15-8-1 093 022 098 013
TanhAxon
patioge 3-13-1 096 016 0.99 0.04
Momentum 3-8-5-1 095 021 099 0.09
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Table 4- Experimental and predicted result of hawthorn fruits for color changes at different storage conditions.

obj h C AE
hj"“i d)""&& . e ).1.515.0 . e ).1.315.9 . e ,a“ali.o
Sl ; e P23 . L &P P23 L. La &P R L. s
Storage St(cj:;Le Experimental =~ &TO“® Error  EXPerimental il Error  EXPerimental it Error
conditions time value Predicted value Predicted value Predicted
value value value
(day)
0 0.814 0.832 -0.18 21.71 21.34 0.37 41.55 41.83 -0.28
5 0.679 0.691 -0.12 20.78 21.75 -0.97 40.38 40.40 -0.02
CCS 10 0.613 0.611 0.02 21.31 21.98 -0.67 39.29 39.62 -0.33
15 0.564 0.573 -0.09 21.88 22.25 -0.37 38.94 39.01 -0.07
20 0.542 0.553 -0.11 22.24 22.63 -0.39 38.12 38.35 -0.23
0 0.814 0.814 0.00 21.71 21.23 0.48 41.55 41.76 -0.21
5 0.638 0.624 0.14 21.60 21.68 -0.08 39.65 39.89 -0.24
RFS 10 0.581 0.565 0.16 21.64 21.85 -0.25 39.15 39.21 -0.06
15 0.519 0.523 -0.04 22.15 22.16 -0.01 38.69 38.79 -0.10
20 0.476 0.489 -0.13 23.42 22.97 0.45 38.14 38.16 -0.02
0 0.814 0.809 0.05 21.71 21.25 0.46 41.55 41.79 -0.24
5 0.587 0.562 0.25 22.93 22.65 0.28 39.29 39.96 -0.67
RMS 10 0.495 0.478 0.17 23.12 23.24 -0.12 37.88 38.54 -0.66
15 0.445 0.436 0.09 24.18 24.39 -0.21 37.58 37.93 -0.35
20 0.395 0.373 0.22 25.95 25.83 0.12 38.15 37.11 0.96
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* Values represent mean of ten independent replicates or predict.
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Fig. 2. Dispersion curve for the measured and the predicted values of firmness by MLP neural network for best model

I ot ot wsiia (/A0 L ply R cqp0) Y-V
10 Jsis) sl C° 5B (S5, cslogil

S5 Sleogad Jolis (RPI) (S pasls Sl )
selie danad cplply wasl ogee (TA 5 TSS) (obesd 5 (F)
Jicwl GaS (b i g ome (A Candy S Caa
ol plerd Sluogad oabled plgisds aanas cyl g0
2 ptels ol g 28l Giall (i) (adld (5)lS b oS
@ e @ Yl Rl opl g ide 5YL lale
(Zheng et al.,, 2012) xé & awlis has o clasnly
5 (Lietal, 2015) 1S, silo ko yé S 5 pad Jslowo
AshournezhadGhasemnezhad, 2012; )  Sauw) 4> Gil5él
2 bdaad plo oluw b & asb . (Billy et al., 2008
ol bagpe 15 BB abaml g cél e () slodanas
ras Sud S L RPL el sl ngin e ol
~Syid higel @by Sl el o b egia
5 R? cops )8 plol Y-0-V) a0 S 56 5 )l
o ol Gl [0 5+ /A%0F L ply w4 RMSE
(5 Jgis) el Cunday

3086 gy a8 51 o S5y S5 (505 oy el L
wolidy) Ll b Blie ol ol & COl e (closed g 0y
Olysd cpl Al bdiges (605 HialS 50 9 (5508 S,;:J"l}él
YU cbalos jo oS il o blo)l 50 ogm0 (Sduw)y Slypsi b Yloss !
@9lj (AE) Sy Sl bawg g 300 &) Sy oy b
sobilean 33,5 o a0l 55 (C7) LogyS' b S5y ogls 4 (R7) )
Sl YL salod )3 () sadanad Ol cé) 0 il &S
Ny Shdarad Shasd IS gloj o g kulpd U g
ol o 00l yioled ¥ Jgda pd i b ()00 polie g
Sl dapad dagin Slp @it Gy on
5 poiese (3j9el @b g omSTol sl 2 L (laSd
St (oot Gl e Ol e b TRAY-Y S
i AF L pl R? oy b ) 5y s coslys o
<ol Gl (K otie sl pel)ly slp (ras 4 s b
pmSIb ellial wb b et C* 5 hY S5, celoyzally (ol
Sl @ 0 | npte e peiess pbjgel b g



VFer p90 Jluows (¥ o lods )Y wls ((55,9L0S sl piilo 4yl o

(C7) Log S 5 (A7) 55 gl (AE) (5y Sl Gnibey Sl Qi ms e slocsiin S cnyie )l S0 =0 Jga
Table 5- Some of the best MLP neural network topologies to predict color changes (AE), hue (h*) and Chroma (C*)

bl & o b - o j90! a9

Para;neter Activation function Leafr:ﬁnfliction 'I‘:f) c.)f?’ Training Test
of hidden layer 9 pology R* MSE R? RMSE
s o 5 yis) 3-13-1 096 028 099 0.03
O3S L5 gaSn Levenberg-Marquardt 3-9-2-1 096 024 099 004
SigmoidAxon pytioge 3-15-1 094 032 0.98 0.09
AR Momentum 3-12-7-1 095 025 0.98 0.05
s o S g 3-17-1 092 041 097 018
oSl Levenberg-Marquardt 3-10-4-1 093 044 097 021
TanhAxon patioge 3-10-1 090 073 094 0.43
Momentum 3-9-7-1 095 019 0.99 0.09
g8 o5 i) 3-12-1 095 019 099 0.3
OrgS| A geSiums Levenberg-Marquardt 3-15-10-1 094 027 099 003
SigmoidAxon posiage 3-9-1 093 035 098 009
ht Momentum 3-16-7-1 094 031 0.98 0.10
©lsS o 5 i) 3-6-1 091 047 097 024
OgSlol Levenberg-Marquardt 3-7-2-1 092 037 098 027
TanhAxon potiage 3-8-1 094 029 099 0.9
Momentum 3-9-3-1 095 026 0.99 0.06
g8 oS 55 3-7-1 094 031 099 004
g8 A5 g0Sw Levenberg-Marquardt 3-9-2-1 093 033 099 0.10
SigmoidAxon patiage 3-16-1 092 036 098 0.9
c* Momentum 3-12-8-1 092 035 098 0.12
O )leS oS yig) 3-9-1 094 022 099 0.05
oSl Levenberg-Marquardt 3-9-3-1 095 019 0.99 0.08
TanhAxon pyiinge 3-7-1 094 024 0.99 0.06
Momentum 3-7-3-1 094 023 099  0.09
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Table 6- Experimental and predicted result of hawthorn fruits for ripening index changes at different storage conditions

) _ RPI

SIS bl s SR ol 2925 polie IR s
Storage conditions  Storage time (day) Experimental value Predicted value Error
0 6.76 6.83 -0.07

5 6.54 6.56 -0.02

CCs 10 6.31 6.24 0.07

15 6.03 5.98 0.05

20 5.92 5.87 0.05

0 6.76 6.86 -0.10

5 6.42 6.41 0.01

RFS 10 6.14 6.11 0.03

15 5.87 5.87 0.00

20 5.62 5.53 0.09

0 6.76 6.80 -0.04

5 6.00 6.09 -0.09

RMS 10 5.63 5.52 0.11

15 5.15 5.10 0.05

20 4.40 4.61 -0.21

Al e Jie gmiin b LSS Ve Bl 5 Sike Jols o ooy yigles slael
* Values represent mean of ten independent replicates or predict.
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Fig.3. Dispersion curve for the measured and the predicted values of (a) Color change, (b) Chroma and (c) Hue by MLP
neural network for best model
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Table 7- Some of the best MLP neural network topologies to predict ripening index (RPI)
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Fig.4. Dispersion curve for the measured and the predicted values of ripening index by MLP neural network for best
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Table 8- Some of the best ANFIS topologies to predict quality parameters of hawthorn fruit
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Introduction

In recent decades, artificial intelligence systems were employed for developing predictive models to estimate
and predict many agriculture processes. Neural networks have the capability of identifying complex nonlinear
systems with their own high learning ability. Artificial Neural Networks as a modern approach has successfully
been used to solve an extensive variety of problems in the science and engineering, exclusively for some space
where the conventional modeling procedure fail. A well-trained Artificial Neural Networks can be used as a
predictive model for a special use, which is a data processing system inspired by biological neural system. The
short storage life of hawthorn fruit and its high susceptibility to water loss and browning are the main factors
limiting its marketability. So, it is important to evaluate parameters that affected the hawthorn quality. An
adaptive neuro-fuzzy inference system or adaptive network-based fuzzy inference system (ANFIS) is a kind of
artificial neural network that is based on Takagi-Sugeno fuzzy inference system. To estimate changes in fruit
quality as a function of storage conditions, the evolution of certain quality-indicative properties such as color,
firmness or weight can be used to provide related information on the quality grade of the product stored.
Measurement of these parameters is an expensive and time-consuming process. Therefore, parameter prediction
due to affecting factors will be more useful. In this study, the physicochemical properties of hawthorn fruit
during various storage was predicted using artificial neural networks method. Hawthorn (Crataegus pinnatifida),
belonging to the Rosaceae family, consists of small trees and shrubs. The color of the ripe fruit ranges from
yellow, through green to red, and on to dark purple. Hawthorn is one of the most widely consumed horticultural
products, either in fresh or processed form. It is also an important component of many processed food products
because of its excellent flavor, attractive color and high content of many macro- and micro-nutrients.

Materials and Methods

The purpose of this study was a prediction of color, physical and mechanical properties of hawthorn fruit
(Crataegus pinnatifida) during storage condition using artificial neural networks (ANNs) and adaptive network-
based fuzzy inference system (ANFIS). Experimental data obtained from fruit storage, were used for training and
testing the network. In the present research, artificial neural networks were used for modeling the relationship
between physicochemical properties and color attributes with different storage time. Several criteria such as
training algorithm, learning function, number of hidden layers, number of neurons in each hidden layer and
activation function were given to improve the performance of the artificial neural networks. The total number of
hidden layers and the number of neurons in each hidden layer were chosen by trial and error. The network’s
inputs include storage time, hawthorn moisture content and storage temperature and the network’s output were
the values of the physicochemical and color properties. The training rules were Momentum and Levenberg-
Marquardt. The transfer functions were TanhAxon and SigmoidAxon.

Results and Discussion

To predict the weight loss and firmness multilayer ferceptron network with the momentum learning
algorithm, topologies of 3-15-5-1 and 3-8-5-1 with R“=0.9938 and 0.9953 were optimal arrangement,
res;)ectively. The optimal topologies for color change, hue, Chroma were 3-9-7-1 (R?=0.9421), 3-9-3-1
(R?=0.9947) and 3-7-1 (R?*=0.9535) respectively, with momentum learning algorithm and TanhAxon activation
function. The best network for ripening index prediction was Multilayer perceptron network with the TanhAxon
acztivation function, Levenberg-Marquardt Levenberg-Marquardt learning algorithm, topology of 3-5-1-1 and
R°=0.9956.

Conclusions

Three factors including firmness, total soluble solids and titratable acidity were considered for ripening index
calculation during fruits storage condition. Momentum and Levenberg-Marquardt learning algorithms with
SigmoidAxon and TanhAxon activation functions were used for training the patterns. Results indicated artificial
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neural networks to be accurate and versatile and they predicted the quality changes in hawthorn fruits. The
outcomes of this study provide additional and useful information for hawthorn fruits storage conditions.

Keywords: Adaptive neuro-fuzzy inference system, Artificial neural network, Hawthorn, Multilayer
perceptron






