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Figure 1- Geographical location of case study
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Table 2- Transfer functions used in this study
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Symmetric hard limit transfer

hardlims .
function
logsig Log sigmoid transfer function
poslin Positive linear transfer function
radbas Radial basis transfer function
. Symmetric saturating linear transfer
satlins .
function
satlin Saturating linear transfer function
softmax Soft max transfer function
tansig Hyperbolic tangent sigmoid transfer
function
tribas Triangular basis transfer function

2 Hidden layer
* Multilayer perceptron
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Table 3- Calculation of frost indicators at the studied station
axdlao g0 ol jo ylasasy b s Ll awlxo -V Jous

Year FF Mon LF Mon DF DR F
2000 42 Nov 198 Apr 156 209 82
2001-2002 20 Oct 182 Mar 162 203 82
2002-2003 49 Nov 183 Apr 134 231 68
2003-2004 35 Nov 200 Apr 165 200 84
2004-2005 51 Nov 190 Apr 139 226 89
2005-2006 21 Oct 174 Mar 153 212 78
2006-2007 39 Nov 187 Apr 148 217 84
2007-2008 33 Nov 169 Mar 136 229 93
2008-2009 47 Nov 202 Apr 155 210 75
2009-2010 20 Oct 173 Mar 153 212 49
2010-2011 43 Nov 196 Apr 153 212 100
2011-2012 23 Oct 183 Apr 160 205 110
2012-2013 48 Nov 178 Mar 130 235 78
2013-2014 7 Oct 183 Apr 176 189 93
2014-2015 36 Nov 206 Apr 170 195 90
2015-2016 34 Nov 185 Apr 151 214 81
2016-2017 35 Nov 183 Apr 148 217 93
2017-2018 19 Oct 206 Apr 187 178 90
2018-2019 49 Nov 185 Apr 136 229 81
2019-2020 39 Nov 185 Apr 146 219 81
Avg. 34.50 Nov 187.40 Apr 152.90 212.10 84.05
Max 51.00 Nov 206.00 Apr 187.00 235.00 110.00
Min 7.00 Oct 169.00 Mar 130.00 178.00 49.00

Y= Year, Mon=Month, FF= the occurrence of the first frost day, LF= the occurrence of the last frost day, DF= Duration of the frost season, DR=
Duration of the growing season, F= annual number of frost days, Apr=April, Oct=October, Nov=November, Mar=March,

3.0 25
e TR1 ——TR2 -+~ TR3 - TE1 - - TE2Z ——TE3

3 6 9

12 3 6 9 12 3 6 9 12 3
HOURS HOURS

Figure 2- The RMSE of models in the training (A) and testing (B) stages
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Table 4- The best RMSE for transfer functions in April and October
75515 Joyal lolo 1o alizio @ilgi (51 (39051 4k 0 50 RMSE ludio ¢ yige -F Jgur

Mon Hr Hardlims Logsig Poslin Radbas Satlins Satlin Softmax Tansig Tribas

Apr. 3 2.02 1.17 1.38 1.40 1.30 1.28 1.18 1.52 1.42
Apr. 6 2.42 1.90 1.75 1.79 2.13 1.78 1.81 1.61 1.81
Apr. 9 2.45 1.92 1.88 2.09 2.36 1.94 2.39 2.06 1.90
Apr. 12 2.66 2.35 241 2.57 2.00 2.06 2.08 2.38 2.12
Oct. 3 2.19 1.87 1.79 1.60 1.94 2.08 1.77 1.84 1.89
Oct. 6 2.44 2.06 1.96 2.05 241 2.28 2.09 2.04 2.12
Oct. 9 3.00 2.17 1.99 2.03 237 243 2.59 2.65 2.43
Oct. 12 2.89 2.87 2.72 2.92 248 253 2.77 2.67 2.36

Mon=Month, Hr=Hour, Apr = April, Oct = October
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Table 5- Choose the best number of hidden neurons for different functions in April and October
75515 Jr sl slrole 5o Cidizko &algi (sl (39031 Al yo 30 oyl GLAY )3 (95 SIuad (i P! -0 Jgux
Mon Hr Hardlims  Logsig Poslin Radbas  Satlins Satlin Softmax  Tansig Tribas
L1 L2 L1 L2 L1 L2 L1 L2 L1 L2 L1 L2 L1 L2 L1 L2 L1 L2
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Month  Hour TF L1 L2 MAE(C) MSE(°C) RMSE (°C) N Corel Sig

Apr. 21:30  logsig 9 5 0.95 1.36 1.17 84 093 0.00

Apr. 00:30 tansig 10 8 1.29 2.60 1.61 84 0.87 0.00

Apr. 03:30  poslin 7 8 1.45 3.53 1.88 84 083 0.00

Train 90% Apr. 06:30  satlin 7 9 1.56 4.02 2.00 84 081 0.00
Oct. 21:30 radbas 8 7 1.28 2.57 1.60 87 0.85 0.00

Oct. 00:30 poslin 10 9 1.44 3.83 1.96 87 081 0.00

Oct. 03:30  poslin 6 1 1.54 3.95 1.99 87 0.77 0.00

Oct. 06:30  tribas 8 8 1.82 5.58 2.36 87 0.74 0.00

Apr. 21:30  logsig 9 5 1.08 2.05 1.43 755 091 0.00

Apr. 00:30 tansig 10 8 1.45 3.50 1.87 754 0.83 0.00

Apr. 03:30  poslin 7 8 1.70 4.96 2.23 755 0.77 0.00

Apr. 06:30  satlin 7 9 1.86 6.19 2.49 755 0.74 0.00

Test 10% .

Oct. 21:30 radbas 8 7 1.42 3.41 1.85 778 0.85 0.00

Oct. 00:30 poslin 10 9 1.71 494 2.22 778 0.76 0.00

Oct. 03:30  poslin 6 1 1.93 6.43 2.54 778 0.72 0.00

Oct. 06:30  tribas 8 8 2.00 6.85 2.62 778 0.73  0.00
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Abstract

Short-term prediction of minimum temperature is important in mitigation chilling and frost injury in agriculture.
In current study, the frequency of early autumn and late spring frosts in Sanandaj synoptic station, Iran were
worked out. Then, using six variables, i.e. dry and wet bulb temperature, relative humidity, wind speed, wind
direction, and cloud cover as the inputs, a multilayer perceptron artificial neural network model (MPL/ANN)
based on the Levenberg-Marquardt training algorithm of MATLAB software package was applied for prediction
of the minimum temperature for the next 3, 6, 9 and 12 hours ahead. The selected Transfer Functions were
hardlims, logsig, polsin, radbas, satlins, softmax, tansig, and tribas. The statistical measures of MAD, MSD,
RMSD, and R were used for comparisons. The results showed that in case of late spring frost, the poslin, logsig,
tansig, and satlin functions in April with a correlation coefficient greater than 0.8 and error values of 1.17, 1.61,
1.88 and 2.00 ('C) for the different times steps, respectively are the best options. Similarly, in October, the
radbas, poslin, poslin, and tribas functions with a correlation more than 0.7 and error values of 1.60, 1.96, 1.99,
and 1.36, were found to be the most suitable ones for prediction of the minimum temperature at 21:30, 00:30,
03:30 and 06:30 local time. Also, among the selected functions, the poslin with the highest frequency has the
best performance in predicting nocturnal frosts in Sanandaj. The results confirmed the good performance of the
ANN approach in short-term prediction of minimum temperature and frost occurrence in study region.

Keywords: Transfer Functions, Multilayer Perceptron, Prediction, Sanandaj, Minimum Temperature
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