WY 5ol oF o)l F b SE (00,8 Sl

paiS 0,8 loe (s 53 (L9138 sy g 8 )l

290 ol b5 g lalke Lu yy < olS b ol T g planeo

OYAE1 Y1 o pdy b VA0S 4Pl s g b)

5 oolis | & yypos ¢ s Slinios SIS0 b oy oS g o qlin 3gmaS 5 65,5l S SV g (6l 5 iyl
s 2Ll () & ool ojls oSSBT (65,5t SV game o Slas (re30 (6l cmslio sloJas
et SBaASLS (oS Ghey 5 FAHP) 656 (ras (il aSil (ANN) (esras ae gloaSed (o551,
2l 28lkog) sl Sy SaS 4y puiS o Shae 051 ;5 (FAP-PSO) w8 plorsjl (g5lwainge w58 5 (538
sk 5 Sl w3y g ond @8l (B o3l plis ) s b el o dalllas 350 dibate o | azS oy
G2 5l w35 jam paiS e 10 2,515 Ar Blaslay s cuz atlioe S5 L e b el s S o S
56T s o plmil )T (g9, 2 atloond 5 (Sa3ed Sloarzs 5 Jiis olfitglojl 4y g ol S wigad S (S
Sy T ool 5 S 25Ty i S 2m 3 s s s MBS S (35,50 o5 o3 S Jte ol
Sfes (e alal) o 25 6l Coige b jsS e slae S i puiS 5 Slos o SIS LG Gla S
coyo lro,lel Ldoas )3 alol- 639 5 (oS 5 o a5 ols lis guls ol ow yp CBbog; sl Sig g poiS
e s oo Jao 39 & i (s 5 8,SLae (VIVID) a8 5l Sl ilio i 5 (AR) jidiy (e
Er—as o—as GaS—b 5 (TFY/Y) U Slaype Szl (o0he 132 5 CIAT) s <o b Sl 3695 59,
sl 53885 gy 5V B | Sl 4 00y (YY) Ut Slay po Bl ol (oSl i 5 (+/AY) Cypmsd sy (5l
5 CIYF) (fora s mac dSih slo o 63,90 p i saimslis 15 (GMER) Uas s o 2ip 55k jlro
=S 5 Joe 3z ol il a9 b Lsles a3l oo (VYY) ploojb g5 5 Jowe (59,5 e 5 (11OY) (55,

led Joe paiS 5 Shoe (52055 )3 a3 )08 Il So plarear Wl o IS pl0ik- 659 5

3By (Eoran oras 4l (D)3 plooil (siludig 1gualS slejlg

(00iS” 4315%0) dog | olKzils «lguilin (6,51 aups Jle Gisgel 55 00 Jboliwh)

Al olEals S wign s pole 09,5 iyl ol IS ansgal il -Y
Al olKsls S pwaige s psle 05,5 Lokiul Y
m.sarvati@urmia.ac.ir : g xSl o™

)of


mailto:m.sarvati@urmia.ac.ir

pasS o Shee (e ;5 (2912 Slasby, 08

Slis) 4 Cewd Egias grac sbaaSl b,
o3y (Hplel wilbipe 505 la> Sl (Gse S,
4o 8¢5 Slalllas U 55 (Emamgholizadeh et al., 2015)
a5 W3ges A5 S Jpazme o Sles 5 ool adlate
4 S S bl (epan (oras slaasid
OSer 5 plawsigtes )ls alunr e S,
-4l g ' s5lg 5 g, 5l (Khoshnevisan et al., 2014)
odliinl paS 5 Slos (edS Slp (Eoian ras sl
TaYaiz (gt (omas &b I Gaiod (nl 50 0008
097 V0 s VT Lokt 4 9 (o9y9 0¥ 50 g 003k b
Joe a5 ol Lt mls s eolital g% 4V,
S 8bee (B )3 (Eohas D Joo 4 S (539
bS5 slabe, 1) ams e @l g gy s pass
Syl i SIS Sl slo g, 4 s

ras gl 5ol Llly 5l 5lss s,
oxe Jde 95 9 99,9 LU 0920 sl eoras
Sl 58 Glsd Sl pFene b Koo (g 5l 488
b ba oo 1 5 0 oo s,k 5 ad 1) aileles 559
ras Al by 4 Cumd VL oo g o
2 50 Tohd pleoil (leangy (b wleige ol
g oolaul 9)50 wiedse oty @bl )
Sl 009 Fge slews pole ple Grwdige g (il
St e Jpame slatlaie ez oS il Sl cnlple
Gilge slp golatdl slagn jaeliy (culul slasls |l
Jde a5 o9y 00 Hlauil wsg Sljole g lssly cwadys
oS b Sl ohd ekl oSS
g 03938 (Gilw e Zds p Caghae Bl sla il
~638 95 o5 5 oy 2B o) p GBS (nl 5l B0
2 Egeas oras el 5 (g5l Dl plas]
Oyt 2Ll cisn o ol paiS o Se o5
ailise (B8 olml,ST plesh) Gy

L bg) 9 9lge

axdllae 390 dibico Cauxdgo

Qqulg).ST Oliwl) Ly yliw s ;0 dxdllas 050 ddlaio
Slodsh om S YO+ spas s b (B,

o 4z B FF a0 FF g da 8o VY ax 0 FF oLl e
4235 V) 4> 0 YA g aado ¥V g a0 VA sl o0

3- Particle Swarm Optimization (PSO)
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Table 1. Statistical parameters of the selected land charcteristics in wheat yield prediction modeling

Statistical Real Management P Organic Total Gravel
features Yield EC pH Wat%ring Avaélabl ca?bon CEC N Slop Volume
(kghal) (dsm?) (mg k') (Cmol*Kg™) (%)
Average 2916 8.68 7.6 426 15.37 0.7 16.7 9.59 4.43 8.39
Middle 3050 445 7.6 44 15.3 0.7 17.1 10 3 6.26
St.D 1280 10.16 0.2 14.32 5.46 0.2 4.41 3.28 3.79 6.97
Variance 74.4 1026 0.1 252 29.86 0 1.43 10.75 135 48.55
Skewness -0.32 202 13 0.16 0.15 0.1 0.27 0.1 2.18 2.14
Kurtosis -0.814 3.44 36 -0.74 -1 -0.7 2.39 -0.97 4.7 5.22
Minimum 800 0.7 7.2 16 6.4 0.3 6.57 4 0 0.43
Maximum 6100 137 86 75 26.1 1.1 30.16 16 10 38.1
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Table 2. Statistical parameters for various functions of irritating ANN in training pstage

. . ANN
(Motion function) 3 R? RMSE
TanhAxon 1.09 0.81 349.4
SigmoidAxon 0.84 0.84 289.7
LinearTanhAxon 1.23 0.78 386.6
LinearSigmoidAxon 0.79 0.69 404.8
BiasAxon 0.98 0.86 233.5
LinearAxon 0.79 0.82 312.1
Axon 1.07 0.84 259.4
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Table 3. Statistical parameters for various functions of irritating artificial neural networks in testing stage

Motion f . ANN

(Motion function) 2 ™ RMSE
TanhAxon 1.08 0.84 279.1
SigmoidAxon 0.87 0.86 243.7
LinearTanhAxon 1.21 0.79 298.5
LinearSigmoidAxon 0.84 0.73 311.2
BiasAxon 0.97 0.88 194.4
LinearAxon 0.82 0.84 261.3
Axon 1.05 0.87 218.9
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Table 4. Statistical parameters for a number of different neurons of BiasAxon irritating function in training stage

. , ANN
Motion function Number of neurons a RZ RMSE
2 1.03 0.79 243.2
3 0.75 0.82 222.5
4 0.98 0.85 213.1
5 0.69 0.83 234.6
BiasAxon 6 0.84 0.81 251.4
7 1.05 0.77 265.8
8 0.94 0.75 279.2
9 1.00 0.74 293.3
10 0.91 0.73 298.6
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Table 5. Statistical parameters for a number of different neurons of BiasAxon irritating function in testing stage

Motion function Number of neurons ANN
a R? RMSE
2 1.01 0.81 231.9
3 0.72 0.83 214.3
4 0.96 0.86 201.4
5 0.74 0.85 226.8
BiasAxon 6 0.84 0.82 240.3
7 1.07 0.79 254.0
8 0.92 0.78 268.6
9 1.07 0.76 285.0
10 0.82 0.74 289.2
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Table 6. Parameter of selected ANFIS model for estimating wheat yield
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Wheat yield 3 180 Triangular Feedback Weighted
Average
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Table 7. Results of favorite ANFIS model

The model used a GMER NES R? RMSE

Neuro-Fuzzy 1.04 0.53 0.39 0.84 241.2
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Table 8. Error due to estimation in several iterations of PSO-ANFIS model

The method used Epoch nomber R? RMSE GMER NES a
100 0.89 2135 1.13 0.67 1

PSO-ANFIS 500 0.84 263.1 1.49 041 0.96
1000 0.78 294.7 2.03 0.08 0.93
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Table 9. Comparison of used models results to wheat yield prediction

The method used + R? RMSE
Neuro-fuzzy - Particle Swarm hybrid models 0.99 0.90 301.43
Neuro-fuzzy model 1.01 0.86 341.16
Artificial Neural Network Model 1 0.83 350.50
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Abstract

Increasing demand for agricultural products and lack of appropriate soil and water resources with
problems of field research reveals the application of efficient models to predict crop yield. This
research aimed to examines the efficiency of artificial neural networks, comparative fuzzy neural
network, adaptive nerofuzzy inference system and particle swarm optimization algorithm models for
estimating the wheat yield through soil and land properties. For this purpose, 80 soil profiles were
drilled in wheat fields’area in East Azarbaijan province with temperature and moisture regimes of
mesic and aridic border to xeric, respectively. Soil samples were collected from each genetic horizon.
The results of sensitivity analysis showed that total nitrogen, absorbable phosphorus, slope, gravel,
soil reaction and organic matter are effective soil properties in wheat yields. The hybrid model of
ANFIS-PSO was the best model from the viewpoint of statistical indices including R? (0.89) and
RMSE (213.5). Also, neuro-fuzzy method has a R? (0.84) and RMSE (243.2) and artificial neural
networks have a R? (0.81) and RMSD (274.5), respectively. The GMER index also indicated
overestimation of artificial neural network (0.24) and nerofuzzy (0.53) and underestimation of
ANFIS-PSO model (1.13). The results indicated that the hybrid neuro-fuzzy-swarm particles model
performed better than other models that can be used a powerful tool for estimating wheat yield.

Keyword: Artificial Neural Networke, Adaptive Nero fuzzy inference system, Particle Swarm
Optimization
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