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Abstract

Mass transfer is a principal mechanism occurring during the osmotic process. It involves many factors. Prediction of
mass transfer during the osmotic process, based on a scientific computier model is necessary to reduce processing
cost. In this research, BPNN, RBF and SVM were used for mass transfer predicting during the osmotic process of
pineapple. They were used for predicting water loss and solid gain. Experimental results showed that the BPNN was

suitable for water loss prediction. However, the RBF was optimal learning machine for estimating solid gain.
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Figure 2 Back-Propagation Neural Network Structures
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1 2 3 4
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PMNNANINARDIGT (Table 2) LaAILALAWINAN
ﬂ%mmﬁwﬁgz‘gLﬁwadﬂg@'ﬁﬁagamsazmﬂsgiﬂiai'awﬁuﬂﬁ
| TOTORW I@yﬁ"ﬁagaﬁlﬂuﬂﬁﬂﬂaaa 12 e wuinlase
drptszanifsafimunzanlumsseduuy da Tase
redszamifisuuuy BPNN Taglududuionsmianis
%9 BPNN e (uaaslu (Table 3)) uaziiioRanson
ﬂiﬁwmsﬁwmyﬂ%mmﬁwﬁgnﬂuﬁﬂu (Figure 5(n) - (3))
uaasliiAudn1svinuisdan BPNN azagluszuny
@82 UNUAI939 (Actual values) wazifiafiansmianis
fanuuandsadimIrinme b (Figure 2 (3)) wui Jeana
LLﬂsﬂsau@‘iwﬁq@ B IFAANALAAaUNIDANULANAN LAY
s"aulunnﬁﬁmﬂss?m%mwﬂ's"mgﬂﬁam’mﬁﬂénvlﬂwﬁa
2.6 'lduandlslu (Table 3) Falasatnedszanifisauuy BPNN
lﬁmmmLmn@mm’&‘ﬂ@‘iwﬁq@hnﬂﬁﬁ@ﬁs:aﬂ%mw

Table 2 Water loss prediction of Sucrose and Glycerol solution experiments

No. Vacuum Soaking Actual Prediction Values Difference
time time Value BPNN RBF SVM BPNN RBF SVM
1 0 20 24.96 24.95 27.00 32.61 0.01 -2.04 -7.65
2 0 40 30.82 31.31 28.44 33.93 -0.49 2.38 -3.11
3 0 60 34.88 34.99 34.74 35.24 -0.11 0.14 -0.36
4 0 120 39.40 39.41 39.71 39.19 -0.01 -0.31 0.21
5 0 180 4511 44 .88 44.90 43.13 0.23 0.21 1.98
6 0 240 46.01 45.77 46.07 47.08 0.24 -0.06 -1.07
7 15 20 29.89 29.75 29.77 33.13 0.14 0.12 -3.24
8 15 40 35.03 34.74 35.78 34.44 0.29 -0.75 0.59
9 15 60 37.43 36.86 37.12 35.75 0.57 0.31 1.68
10 15 120 40.18 40.20 40.18 39.70 -0.02 0.00 0.48
11 15 180 44.75 45.00 44.76 43.64 -0.25 -0.01 1.1
12 15 240 46.48 45.58 46.48 47.59 0.90 0.00 -1.11
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Comparing water loss prediction of Sucrose and Glycerol (a) Back-Propagation Neural Network Structures

(b) Radial Basis Functions Network Structures (c) Support Vector Machine (d) errors from 3 predictors

Table 3 Performance index of Water loss prediction

BPNN RBF SVM
MAE 0.27 0.53 1.88
RMSE 0.37 0.94 2.74
RAE (%) 4.73 9.19 32.76
RRSE (%) 5.52 13.97 40.59

nRaMINAaasli (Table 3) tiafansaner MAE,
RMSE, RAE a2 RRSE Wi miﬁmuj?uuu BPNN 1w
wm‘i'ﬂ,unﬂs] fn LLﬁ@]dlﬁLﬁu’j’]ﬁﬁ%%ﬂﬂ’]‘iﬂ@aaﬂ]m‘ﬂﬂiﬁ
TIAUNAL AT Lﬁ;aﬁwmﬁﬂ%mmﬁwﬁgzyl,ﬁﬂﬁmms
(33 BPNN "Lﬁwa*?islﬂﬁﬁ'umﬁamﬂﬁqﬂ WowSeudiou
U RBF uaz SVMT@ﬂLﬁaﬁmimﬁmuQﬁu (Figure 5 (3))

IWnagaanfaIn Ao NAGIIVBIANLANGNS (error)
seninaenaseiuandildannnsyszanmain3s BPNN §
mmLLﬂiﬂsaumaaLﬁunﬁWﬁaﬂﬁqﬂLﬁaLﬁmuﬁ’u%'n 293
Tassthedszamifisadgmiunsiimaysanos
*zlaauﬁaﬁ'Lﬁuﬁu‘lumsa:mﬂﬁg‘[ﬂsaéwﬁunﬁmasaa
IMNNANTNARBIG (Table 4) uaadlilAnINan
ﬂ'%mmmam%aﬁLﬁ'u%madmﬁagagimaimﬁu
ndtrasenin lasvnplszamidisuiimanzay de lase
Pndszamnifisuuuy RBF Ssnnnmnuaasln (Figure 6 (3))
LEAI L AUAANULANGIVBIN TN Uﬁﬁhagﬂm:mu
W@ WALAN3Y (Actual values) Faenasnanaeurie
mwu@m@mmﬁshhwlmqnﬁﬁﬂﬂizaﬂ%mwmwgﬂﬁaa
anufinan13ludo 2.6 lduaasllu (Table 5) Slassang
Uszanifisuuuy RBF lﬁmmemn@mmﬁm‘i‘ﬁﬁqﬂ
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Table 4 Solid gain prediction of Sucrose and Glycerol solution experiments
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No. Vacuum Soaking Actual Prediction Values Difference
time time Value BPNN RBF SVM BPNN RBF SVM
1 0 20 7.75 7.81 7.60 7.87 -0.06 0.15 -0.12
2 0 40 8.23 8.50 8.47 10.35 -0.27 -0.24 -2.12
3 0 60 9.15 9.08 9.07 10.35 0.07 0.08 -1.20
4 0 120 10.29 10.36 10.33 10.35 -0.07 -0.04 -0.06
5 0 180 12.46 11.36 12.42 10.35 1.10 0.04 2.1
6 0 240 12.66 12.72 12.68 10.35 -0.06 -0.02 2.31
7 15 20 11.81 12.55 11.84 12.06 -0.74 -0.03 -0.25
8 15 40 15.58 14.32 15.31 14.42 1.26 0.27 1.16
9 15 60 15.93 16.15 16.18 16.64 -0.22 -0.25 -0.71
10 15 120 21.31 21.22 21.28 21.67 0.09 0.03 -0.36
11 15 180 24.94 24.13 24.96 23.98 0.81 -0.02 0.96
12 15 240 24.76 24.49 24.75 24.35 0.27 0.01 0.41
4 4 ™
£ £
& actual ) actual
-] "] .
3 == predict 5 == predict
w v
\_ - /
) (V)
4 3.00
£
) actual
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2
100 \ A 4= Diff of BPNN
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Figure 6  Comparing solid gain prediction of Sucrose and Glycerol (a) Back-Propagation Neural Network Structures
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(b) Radial Basis Functions Network Struc-
tures (c) Support Vector Machine (d) errors
from 3 predictors

Table 5 Performance index of Solid gain prediction

BPNN RBF SVM
MAE 0.42 0.10 0.98
RMSE 0.59 0.14 1.25
RAE (%) 8.46 1.95 19.86
RRSE (%) 10.14 2.33 21.46

INHaMINAaadli (Table 5) oRa15o0ne1 MAE,
RMSE, RAE uaz RRSE Wui1 m3l3sujuuy RBF i
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swAunaLmaTen avhwisUSunamesudsifindude
mMasoug RBFVL@TNaﬁIﬂﬁﬁuﬁwa%daJWﬂﬁqﬂ Fau3uy
{Buny BPNNUaz SVM I@mﬁaﬁmsfum’m@jﬁu (Figure 6 (1))
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