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Abstract: Soil moisture is one of the main factors determining the better growth of plants which are
widely well-received today, especially in greenhouses. Measuring the soil moisture and the
environmental factors has high costs continuously and annually, in addition to being time-consuming.
Therefore, one of the intelligent predictive tools that have a vast position in agricultural science is the
neural network tool with the least amount of error. In this study, soil moisture and temperature
percentage, light, ambient temperature, and humidity in a greenhouse located in northeastern
Khuzestan were Measured and recorded during two seasons of winter and spring to control soil
moisture by a moisture prediction map based on an artificial neural network. The results show an
accurate forecast of soil moisture map in winter and spring between actual values that were measured
and values that were predicted with the lowest standard error (1.12 and 1.71) and the highest
coefficient of determination (R?) of 0.94 and 0.78, respectively, and the highest coefficient of
determination were 0.87 and 0.93, respectively, by the artificial neural network in the experimental
stage for winter and spring. Therefore, the remarkable accuracy in the prediction of soil moisture by
this software shows its importance and high reliability in agriculture and greenhouses which makes
it easier to control soil moisture and less moisture stress occurs for soil and the plant consequently.
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Figure 1- Schematic of the electromechanical circuit of the irrigation system, (a) (SD CARD): memory card, (b) (MATLAB): serial port, (p)

(ESP8266): Wi-Fi connection module, (t) (U5): flow meter, (g) (U7-U22): sensor of soil moisture, (d) (DS18B22): sensor of soil temperature,

(s) (MLX90615): sensor of plant temperature, (r) (HTU21): Ambient temperature and humidity sensor, (v) (GY-49): light sensor, (f) (PUMP
(1,2) & RELAY-BOARD): Pumps and solenoid valves, (k) (CAPACITOR C1-C7): Microcontroller driver circuit
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Figure 2- Schematic of sensors installed in the greenhouse, (1) soil temperature and humidity sensor (2) light sensor (3) ambient temperature
and humidity sensor (4) laptop (5) wi-fi (6) soil bed
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Figure 5. a. Changes in environment temperature and soil moisture in winter and spring season b. Changes in environment
temperature and soil temperature in winter and spring season

O O 0000000000000 OoOOoOOo
OO 000000000000 OoOOoOOo
O O 0000000000000 OoOOoOOo
OO 00000000000 O0oOOoOOoOOo
T OO NONSS ORI MWMMNO - o
- - - NN o H o H - NN
(Ql.';.....e)‘)la.:;udua

e ke 5 Ol Jad o i ], S sles

L ol pl g om0 ioled cel Y (b ol
S slos 9, allds Slels b Lo slos ]33l
caie glos alS L g oad (L2158l guig, s s
b Olpsi 00,5 cnaline S glos Lials aig,



(@;&51‘3 ‘50.1.9) 1F+) ul.».m.a) ¥ e)Lo.& HY 0499 ‘O‘)‘.’.' ottt Gt and S Yoo

Cogh yuahly (e izen (8l 28 (6 e Kl
a8 oanlive LusSxe bli)l S sles g g cond
.(Baaghideh et al., 2019)
b 5o Oley Sl oy sskiie & i Giagh cnl 5o
Cud ools Ol el (S Casby e g, il
Slaslie s 285 15 g5l] cuyp 950 S
S S5 003l b 10 5l sime a5 (Sl
B SE Cusb) Gl olej Sl gre 556 pas
S (S i 09 (1 J992) Sl g Ol Juad 90
5 03925 59, 4iled (b s laesls cud ploj (e (Fol&
VS Cugby 4 bgy e oolo O el sl g3 oo
o Fyan sras 4o Sijgel uizmes 5 k]
Sl 3 bmo 30 S gy p oloy 1 5ILT ) Jgur

Table 1- Analysis of the effect of time on soil moisture
in winter and spring
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Figure 6- The line drawn between the real values and the predicted values of soil moisture by the artificial neural
network in the training phase. a) winter season, b) spring season
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Figure 7- The line drawn between the real values and the predicted values of soil moisture by the artificial neural
network in the test phase. a) winter season, b) spring season
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Table 2- Statistical analysis between actual and predicted data by paired t-test for winter and spring
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