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1- Local minimum

2- Genetic Algorithm (GA)

3- Firefly algorithm (FA)

4- Metaheuristic Techniques

5- Gravitational search algorithm



1396 o- ,31 5 ojlois 31wl S5 g ol 4z 1458

(;Jé—‘;:}a_ﬁm —as ‘5l_é4$.ui'n &J‘QS.“ L ‘SJLA-QJM
olbicud

by S U yauo 05l 10 (23959 b Shg adS Baass (pl )
ol &Sl S5 Ll g calisis slal p3 Wlyus (gl lued 5
Ndgs l.é'” odlo ‘O‘“’ :LALw; I Juol.w GJLQ) J.\p uoLwl)J L!b‘_;))a
P sl )13, (95 5 (2l )Sen oy (s oS aSuie
OlFee ohgy ool b WS (oo JyiS 1) piygS )85 5 0390 b
L alio sla) S5 b )3 0939 Cjgw 50 1) digo dlais s
Febl o9 Gl cops GRIBIL S Iy He ol cups wlal
Gl o sladigy Cuw 4 p S U il 55,08 cplis
Wlan gluad > dpy aladl piis o9 Cygo )D Ngud o
bl b die b Jl (295 B ©jpod bap)S Sl sl
Silwaiary sl A5l aalszs 95 bap S waia | slabal s
mas gladS b oalawl U bl Jaols” ol cud )b yass
PS5 Sl adgl Cpmon 28T Sjg0 dwg (il e (sogian
4_J9| dlmo.)l.) W )9}9#: u|9> dl.aas PRl uUw f)S 40 ubw
A ojgel slmodly s > Llicud pyS v yoSUl 4 sddodly
9 it (ras b (295 by Cul (el s e b
las o ol Canl o3 Y Al il 0ol Qs pyS o3 yoSl &
s p)S (Bolal e8> g laes jo Clo b e sl il
soate ol 4 (24) aol condsay Qs oS bawgs (gjluding:
A 05 L oy Jol ads e 3 Bolas S y> gl alsyo 5
s St plie 3 o1 586 )5 ol o pd i g ub a8
)9 Gl polie wulal gl b Cbl cuslie j9 Clo o po g
Dol Cavddy Baa &b dle ﬁ.JLS.o3 U yow o5b 5o

5, Cds g s dulis

s (L aal) (R?) (s iy slolel 51 jolate oyl (6
S5l i Jlne 51 (2 alay) (RMSE) s b jo (550Ls
5 s oolid (4 dlaly) Vs s psiin :Slie 5 (3 alayly)
syt padlh (BBly g 0dd (i polie (S92 g0
PRESPRE WEPTH LSRN VI AV PIPRE NV W AR Y
A daled 05 s 4 e Gl po (:S5Lo

4- Nash-Sutcliff (NES)
5- Geometric Mean Error Ratio (GMER)
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1- Bayesian (Ba)
2- Mean squared error (MSE)
3- Crossover
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Figure 1- Optimization of Artificial Neural Network by Genetic Algorithm
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Table 1- Statistics criteria of physical and chemical properties for 220 soil sample

8 5 1l ., u .- A -
o ye ) & oS " ) s Sl Jols cad b
I Gypsu Organic o D) i e
Stag Statisti pH Sand . Gravel  Lime
tatistics m matter o Silt (%) Clay (%) o by CEC
e (%) (%) (%0) (%) (%) (cmol+ kg-1)
ke 3.33 0.37 8.19 43.28 32.2 24.38 175 26.31 23.7
Average
w 32.34 1.07 8.89 86 54 58 85 61 35.5
Maximum
Ms 0.1 0.01 7.60 8 4 6 1 7 7.4
Minimum
el SlyS g po
Trai  Coefficient of 0.47 1.70 27.83 43.28 32.2 2.03 0.87 2.46 28.1
n variation
“ﬁ““g 0.91 0.98 0.25 0.22 0.37 0.91 0.43 0.95 0.86
Kurtosis
i 0.62 0.61 0.34 0.68 0.34 0.55 0.45 0.33 0.57
Skewness
o2 JL’?; ore) 0.09* 0.31** 0.13**  0.12**  0.07* 0.12** 0.02** 0.12** 0.11**
Normality test
oSl
Average 0.77 0.37 7.83 49.81 35.36 14.95 235 26.42 21.4
W 7.5 1.23 8.3 84 44 26 50 48.5 2.34
Maximum
MS 0.05 0.04 75 30 12 4 2 35 1.8
Minimum
Test G 0.42 1.23 37.62 3.92 4.21 2.53 1.63 2.03 1.26
Coefficient of
variation
“n“"g 3.24 1.31 0.46 0.94 141 0.43 0.37 0 0.79
Kurtosis
Xz 10.11 1.71 0.32 1.67 1.89 0.31 0.94 0.33 0.43
Skewness
039 Jles oo * 0.31** 0.16**  0.01**  0.06* 0.13** 0.2** 0.17** 0.14**

Normality test
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Table 2- Correlation matrix between selected properties for cation exchange capacity modeling for 220 sample

oo , 5 ol
Organic o) Sy o & Saf S uSly  epXw  Cation exchange
mat Clay Silt Sand Gypsum Lime pH Gravel capacity
ter
Ji b.)La
Organic matter
o) 0.82** 1
Clay
Gl 0.44¢  043* 1
Silt
o8 041* 035  -0.29 1
Sand
& 0.11 0.15 0.14 0.05 1
Gypsum
‘_.g\h‘ 0.18 0.26 0.32 0.29 0.26 1
Lime
‘Bpﬁ“ b 045 021 032 022 029 044 1
052 S 0.46* 0.25 0.19 0.21 0.21 0.13 0.35 1
Gravel
ey éJI;Lé B g3 0ge** -057* -053* 031 0.42 0.38 0.29 1
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Table 3- Statistics parameter for different stimulating functions of artificial neural networks in train stage

Sy U 699'“‘“" omas (SRS
Motion function Artificial Neural Networks

RMSE R?
AXON (4957 2.37 0.72
Bias AXon (y4u.sT bl 1.81 0.81
Linear Axon ks gusT 2.30 0.74
Linear Sigmoid AXon s 15508 gusS] 2.07 0.77
Linear Tanh Axon _ls csl3b ygusT 2.16 0.76
Sigmoid AXON (y9usT A8 geSun 1.67 0.82
Tanh Axon (y4.5T cal3b 1.94 0.79

090l A g )3 (Eguas (uas (S Gglite S e pilyi g1y (55lel Sl el )y -4 Jou
Table 4- Statistics parameter for different stimulating functions of artificial neural networks in test stage

Motion function Artificial Neural Networks
RMSE R?
AXON 55T 2.37 0.73
Bias AXon (ygu8T ebl 1.74 0.83
Linear Axon ks :ygusT 2.24 0.75
Linear Sigmoid AXON s s3geSu guST 2.00 0.79
Linear Tanh Axon _ls <ol ogusT 2.15 0.78
Sigmoid AXON (9.8 A5 geSun 1.59 0.85

Tanh AXon gusT cil3l 1.86 0.80
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Table 5- Statistics parameter for different number of neurons triggers function Sigmoid Axon in train stage

Sgan onas S
Sy U Artificial Neural Networks
Motion function 099 s RMSE R2
Number of neurons
2 2.20 0.73
3 2.16 0.76
4 2.13 0.79
o 5 1.94 0.84
ST igeSi 6 2.23 0.81
Sigmoid Axon 7 2.54 0.78
8 2.45 0.79
9 2.69 0.75
10 2.67 0.74

09031 Al 5 45 Sigmoid AXON & ye &l Woliio (L yg 4 d1uai (515 (5 Lol (b wiol )y =6 Jou>
Table 6- Statistics parameter for different number of neurons triggers function Sigmoid Axon in test stage

P G ANN
s *yg 43 Dy
Motion function o9 RMSE R?
Number of neurons
2 218 0.74
3 214  0.79
4 203 081
oL 5 1.81 0.87
0S| 2geS 6 211 085
Sigmoid Axon 7 241 079
8 2.36  0.80
9 257 0.78
10 255 0.76
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Introduction: Cation Exchange Capacity (CEC) refers to the amount of negative charges available on the
soil colloids surface. Clay and organic colloids carry a negative charge on their surfaces. Cations are attracted to
the colloids by electrostatic bonds. Therefore, the charge of the soil is zero. For fertility map planning and
commonly indicator of soil condition, CEC is an essential property. CEC is commonly measured on the fine
earth fraction (soil particles less than 2 mm in size). CEC could be obtained directly but its measurement is
difficult and expensive in the arid and semi-arid regions with high amounts of gypsum and lime. Pedotransfer
functions (PTFs) are appropriate tools to estimate CEC from more readily measured properties such as texture,
organic carbon, gravel, pH and etc. Regression PTFs, artificial neural networks (ANN), and hybrids technique
(HA) could be used to developing pedotransfer functions. The prior research revealed that could provide superior
predictive performance when developed ANN model. Furthermore, ANN technique has no comprehensive
method to select network learning algorithm and stopping algorithm in the minimum local. Therefore,
application of optimization algorithms such as Genetic (GA) and firefly (FA) is necessary. The Purpose of the
present study was to evaluate the performance of FA and GA to predict the soil cation exchange capacity by
ANN technique based on easily-measured soil properties.

Materials and Methods: 220 soil samples were collected from 39 soil profiles located in Golfaraj (Jolfa)
area of East Azarbaijan province. The study site lies from 45° 30’ to 45° 53’ east longitudes and from 38° 42’ to
38° 46' north latitudes. Then, soil samples were air-dried and passed through a 10 mesh sieve for removing
gravels and root residues. Soil textural class, organic matter content and CEC were, respectively, determined by
hydrometer, Walkley and Black, and bower methods. The artificial neural network (ANN), artificial neural
network-Genetic algorithm (ANN-GA) and artificial neural network-Firefly algorithms (ANN-FA) models were
applied to predict the soil cation exchange capacity on the basis of the easily-measured soil properties. In ANN-
GA and ANN-FA models, soil CEC was estimated via an artificial neural network and were then optimized
using a genetic algorithm and firefly algorithm. The Genetic algorithms are commonly used to generate high-
quality solutions to be optimized by relying on crossover, mutation and selection operators. The firefly algorithm
is modeled by the light attenuation over fireflies” mutual gravitation, instead of the phenomenon of the fireflies
light. The schema of flashes is frequently unique for specific types. The techniques’ results were then compared
by four parameter, i.e., correlation coefficient (R?), root mean square errors (RMSE), Nash—Sutcliffe (NES) and
Geometric mean error ratio (GMRE).

Results and Discussion: The correlation coefficients of soil characteristic factors with CEC were analyzed
through correlation matrix analysis. According to this analysis, the factors which had insignificant influence on
the CEC were excluded. The clay, silt, sand and organic matter content were selected as input data. The
parameter of the best deployment for MLP network could be used to predict CEC in the studied site. This model
comprised 4 neurons (sand, silt, clay percentage and OM) in input layer. The optimum number of neurons in
hidden layer was estimated to be 5. Additionally, the most efficient activity function in hidden layer was Axon
sigmoid. Results showed that three CEC models performed reasonably well. ANN-FA model had the highest R?
(0.94), lowest RMSE (1.31 Cmol* Kg?) and highest Nash-Sutcliffe coefficient (0.53) in training stage and high
R? (0.97), lowest RMSE (1.06 Cmol* Kg) and highest Nash-Sutcliffe coefficient (0.59) in test stage. ANN-GA
model had also higher R?(0.91), lower RMSE (1.77 Cmol* Kg1) and higher Nash-Sutcliffe coefficient (0.45) in
training stage and higher R? (0.93), lower RMSE (1.50 Cmol* Kg1) and higher Nash-Sutcliffe coefficient (0.48)
in test stage indicating good performance of the model as compared with ANN models. The results showed that
both ANN and Hybrid algorithm methods performed poorly in extrapolating the minimum and maximum
amount of CEC soil properties data. In addition, the comparison of ANN-FA, ANN-GA results with ANN
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models revealed that ANN-FA was more efficient than the others.

Conclusions: The results of present study illustrated that ANN model can predict CEC with acceptable
limits. Therefore, FA and GA algorithms provide superior predictive performance when is combined with ANN
model. Firefly algorithm as a new method is utilized to optimize the amount of the weights by minimizing the
network error. Final results revealed that this suggested technique improves the modeling performance.
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