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Fig.2. The location of temperature, humidity, solar and wind sensors inside and outside of greenhouse



1¥A9 090 Jlumows oF o los N alor (55y9liS slomiilo 4 s YV F

ool w595 el )y 6 o] o &S

I pas b (295 4 dletel Gl pslaiedy 35 ul >
05 oalil T gl omiyliel pb 4y o)l g s By
5 &9 4 L (Prilisl GiSu laosls (o) ol 3 (Y USS)
3590 o2 93]y b g L9 oo mumdl Ciliseo atd K 4 o] slaws
Sl ok dsgeomens Kol jl b oo 1181 acgeoma
Jlgy cnl N9y S84 Ghjgel sl 350> @b KL g (et lssl
S g ool slp sl S lads Wosls aem g 3900 S5 5L K
K gl o (1:0ke Caled 55 B9y 00 )4 (2w liel (gl 5L
spie onn Gl e K lsise orlisl b
Silwasgommoy; 5l eolatwl cuje (Rodriguez et al., 2010)
aly p bosh mje oo il ¢ Be, cpl 5o baodls doluas
wle Als  uae aSS &S dad 0 el 5 Gl (gl o
N3 okl 3)00 JoB BB gols b o)l gy o plgiea
SyS

2 (ras 856d) (oyp 390 slade Cabl Dbl Hglaten;
e 3:5ke 1oy (sloyline 1 WS LIS1 (gl piio sy
cups 5 (RMSE) “las clayye bawgio ady, (MAPE) "o
g polie 5 I Jae Lawg odd i olie o (R) o
Doilp e o 5l (Taki et al., 2018a) ws oslizwl gy
MAPE s RMSE s (58 (ghls 45 Cal 30y (o coss
P e &b sy b jglaiedy a8l R ke ot
W ool Yo VY ases MATLAB l381e 55 5l ¢ aiod (]

JHSB 5 095s wlasd (Bjgel alu, Sl o ies QLA
RBF g MLP Jas g9 yu s

U ol g she 93k o5 Co g > 4 43S ol

2ol yen Ol JES) Goguome JByd 514z 3 9 3)lse
3 scsn e 5 e 3 5 IS o 51 (550 sl ol
b Dby WIS (IS lajite Sl p ,eS6 ol
laddy ke Ohgod ol olis Lo 4 esd cublbp (slaodly
Slop slod (o35 jolateds MBS )5 (cw)p 3)90 (S o sl
5 (Tp) oS (sl (Thi) AbS i (glod (T,) b5 30
MLP-) e a5 Jio 95 51 (RN,) wlsds 515 elon cush,
Trainlm (jgel wi)e3 93 o0 dwslie gl .05 odlazul (RBF

2- Spread parameter

3- K-fold cross validation

4- Mean Absolute Percentage Error
5- Root Mean Squared Error

Siholoy Jos b ¢ 4yl pls sloesls (555 ) 3
&b 1A Sloj g peudi aSd ol Sed U 25 plodl sl
—o/A] odly Jias aseld 1y yiag g oo o3ltw] (gaS5eRim Jlud
w5l 93 5l aalllas -l ,5 (Rohani et al., 2018) sl oo [+/)
Bayesian regulation ) s Ll Wbl 3l
as Ll )lgSle 55340 o (Dackpropagation or Trainbr
(Levenberg-Marquardt or Trainlm  backpropagation)
b laeSd (it Ygonn sl 098 o bl b oolial
4 (Taki et al., 2012) 846 0 Losuin Gl &Y &S ol
350 Y SO laaSiis b odly olod gudod cpl j0 Judd peed
9 @l & lej b aSd o (slagyg s ol bS5 o]
ol dlas iol38l 51 o g b ool iuli8l WS e Jue (050

lopite 035 )3 RBF' o 45 51 gy 5o 5
sl a5l RBF .l oad oolizl (65,5li8 slaailss Ll
g dly gt o odaly xSk 4 PB as laasis
sodly dcgarme jl iliie slaJle g9yl Jhwe (slojuiie
ooy 3l b e Y Sl ks RBF Lasb e 35250
02> a4y Jitue (gloyuxio (93959 4V 50wl ol WSS
degexe 59y ) Glwbre daggy i 4Y p gda
wn o bl Collae (295 4 (e yslaiedr (639)9 (sl it
(¥ Jss)

Bl )Iyg8 s 9y B A I RBE sl oS 5y50 5
S RBF .l s )50 <83 p2 b oty &b 2 (e 4 06
So ool (e Y ) (95 g sl plao b (ouas 4SS g4
San 4y ool Jols 355 455 o Jos (0) (s o Jsb
diaS & (o) 9 Bj90l Aloye Job 3 RBF uas oS (0
Moy o sl RBF (quas aSid (298 WS (0 SaS (coges
Rohani et al., ) cal duslxe JBB (V) aayly sllas X (63459
(2018

Ly
V= WTo = > wyg(lx — al) ")
j=1

dg a5 Y ;5 by, 35 40 C ¢ asee &Y ;3 lays,s s Ly
Cosl dle LB (V) dlatly I 5 (9) Slade Abbioo (S @b
:(Rohani et al., 2018)

llx —cill®
di(x) =exp| ———— (V)

0;

1- Radial Bias Function



YVV s le b gl a8 ,bgo Alals o 510 (5l it Sy e

ol o Sl F S 3 MLP o b a8 lbogd (gladis

¢ K-fold cross-validation:

2okl aY p aise glapygys Sl 4 4 L Trainbr
QIS )3 Ly dy90 giie ¥ ope5 gl MAPE o)Ll jolul

Sample1l Sample 2 Sample K-1 Sample K
a o a )
\ ) L J
T
Estimation Validation

K samples (one or more observations) |

[
i

e -

(K-fold) (lazws  oxiwlize] by =Y S
Fig.3. K-fold crosses validation method

45 5
44 --£#-- Trainlm 4.5 Eu --&-- Trainim
35 @ —a— Trainbr 4 —&— Trainbr_|
3 A 35
S S 3
w 29 Boos
< 2 < )
= =
15 15
1 1}
05 1 1 1 1 1 1 1 1 1 N N 1 1 05 1 1 1 1 1 1 1 1 1 1 1 1 1
3 5 7 91113151719 212325272931 357 91113151719212325272931
Number of neurons Number of neurons
(T) (Rh)
1.2 3 :
11§ - H1- - Trainlm = €1= - Trainlm X
1 4 —2A— Trainbr 25 ) —2A— Trainbr
w 2 Y
Q il -3
< B_.F8 B o B
= < &~
=15 | = = A i
1 1 1 1 1 1 1 1 1 1 1 1 1 1

3 5 7 91113151719212325272931
Number of neurons

(Ta)

3 5 7 91113151719 21 232527 29 31
Number of neurons

(M)

Trainbr ¢ Trainlm ijeel oi,63 45 95 9 MLP Jio b (cladinds aldS L1y piiio ¥ opaess I Juols gl € JS0
Fig.4. The results of 4 inside variables estimation by MLP model with two different training algorithms (Trainlm and
Trainbr)



1¥A9 090 Jlumows oF o los N alor (55)9liS somiilo 4 o5 YA

o Trainlm oo, 51 5687 olles (Ty g Th) abdS clon
Jlae o dopy /80 g +/FY e MAPE jlide L uiypa)
owess p Trainim oo,6l ¢ blie 3 J(doyd +/FY 4 </VY
3 S @les (Tp 9 Rh) ol sled 5 &l J31> clgn g,
Jolee MAPE jlids L i pa) cunl 02l lis 295 51 Trainbr
woled (o VIFE 5 oIV Llie > aspd VYR g /PO
Caddy W oo yleis Y 0 e ol cpjing YU (gla Jae
ol s5 .cwl (Spread parameter) iy el sl a8
29 b sp ge e ¥ 50055 sl bl cnl Oliee a5
£ USG ws askie (Trainbr g Trainlm) oo go5 50 4
s 90 SlapiyeSl g lapite (oolod sl 1y el cnl Oliee

A o i
25 @ .
1\ --£+--Trainlm
Z \
2 —— Trainbr
S
a5 |
<
=
1 -
05 1 1 1 1 1
3 5 7 9 11 13 15
Hidden sizes
(Tri)
1.25 0
\ -=£#--Trainlm
‘\ —— Trainbr
—~ 1/
S
w
<
E0.75
05 1 1 1 1 1

3 5 7 9 1 13 15
Hidden sizes

(T)

MAPE (%)

MAPE (%)

Oxesd > haad Trainbr o,6Sl o5 sas o i ¥ S
Cawl aly Trainlm oo )63 51 5 ke (85 AbdS Gaw (gled
L Trainlm oo )68 o)lse adsy 13 (10,0 VY Lilde 5 VYY)
F JSE @ dag b 0S8 eolaiwl 3)50 Llgi o 5 e CBd
Slop Cusb whi slod (10055 1> MLP Jao (Golongs o0y
=) (VV0-Y) 5l wsyle olS slod o JBb slar glod (S5
5 Giw (glod ez (gl dm (V-YY-Y) 5 (VV0-Y) H-TY
Slop Cusby (1035 lp g 9P TV S B s sles
MLP a4l asee &Y )5 99 VO & olS (slod g 45 31
Lol 5L
5 RBF Jao > (hjgel wipofdl cpjie (owip & 0 JS
@l dibpie Ol @Y 5 09y M Cppe Gm orres
5 Gt (glod (pess pd TrAINDr v,65) &S dad o L & S

35
2 H --£+-- Trainlm
_‘\ —— Trainbr
25
2
15
1
0.5
3 5 7 9 11 13 15
Hidden sizes
(Rhj)
3
& -=-£*--Trainlm
25 -\\ —2A— Trainbr
2
15
1 1 1 1 1 1

! Hidde?] sizes11

(To)

Trainbr 5 Trainlm ;0] v o3 g4 95 g RBF Jao b (glainds S5 31> yuiio ¥ ppess 5| Jools ol =0 JSWS
Fig.5. The results of 4 inside variables estimation by RBF model with two different training algorithms (Trainlm and
Trainbr)

g9 92 » Sl B ol (Ta g RN Th) bojite s (0055
(V0 5 /Y0 I¥D o ) camsl Gl L y85 b g0 (v yoS]

5581 duslie zls wad o i £ S wls & jebler
o e (sly Lads Trainbr ¢ Trainlm o6 45 55 iy
Gy Jy Y Llie (o V/F) cwl aglate oo b (Tp) oS



Y\4

e LBl b glalodd adybgo AlalS G (A5 10 (ol yuiio (P i

1 1
--£*-- Trainlm S
—aA— Trainbr 7

o
©

MAPE (%)
o
oo

&
0.7
z.
0.6 1 1 1 1
0.1 0.3 0.5 0.7 0.9
Spread parameter
(Tri)
0.7
--£F-- Trainlm
065 F —A— Trainbr
$ i
L 06 4
<
=
0.55
05 1 1 1 1

0.5 0.7
Spread parameter

0.1 0.3

(Ta)

MAPE (%)

MAPE (%)

==£*=--Trainlm
—2#A— Trainbr

05 , . | |
01 03 05 - -
Spread parameter
(Rhy)

o --&F-- Trainlm S

—a— Trainbr
15
4
i
13 F\
\
) o
\\ 3
11 } .
\\EL ------- S =
0.9 . . | |
0.1 0.3 05 0.7 0.9

Spread parameter

(Tp)

(Trainbr ¢ Trainlm) sjgel o5 ¢4 4 4> L RBF Jde , (Spread parameter) isy jial)b o)ljse <l s =1 JS
Fig.6. Changes in spread parameter in RBF model based on training algorithm (Trainlm and Trainbr)

oS ol olis gbs (Shukla et al., 2008) ws aslsy * uej;
P8 b (B2 L GBI J3 glod ot 40 0B (3L S
(R=+IAY 5 MAPE= +/¥/) sl _spuas 4 gl 51
oms sly e g @)l JSl silodse Sl 650 Baios
GBS S, il el o sl Sl 5 oyl ol ol
(Singh and Tiwari, 2010) 1& eslatwl Lia jodS ;D pous e
Jab lod cunl pB o oolaiol Sl Jao o ol mls
5 MAPE=WYYY) 85 omess Jod B cd L 1) albds
D5 5 ot ol pgy) @ls ol 4 avsi (RMSE=5/-5°C
SWslee 3 by S laJie gbay wae 4SS
Sl 1wl e w55 By e gl |y lalds
odlaiwl coune mas a8l AS b sl el eSS
9 o 43 Lol S¥olee )3 1) odel Cunddy ol e 9 3,5
5 551 S8l (pizmen g GBI (lial o )l Jl e

2- Underground aquifer

Jao 9o oyl oudi Saslias glacala Gyl (8 yige
& gliie slasuly de gane L RBF g MLP
5 00 &l 098 S 5 (5ol wiyeSll st o S o
Sl oSee (il e derg Ol RBE 3 MLP s
W8S B np D90 sl ABLT S jeite jlap (eSS
S Hsblen wimd o ol 1) bl ool 4B A 5V s JSS
RBF o MLP Jio 9 ,b cisd e obis bUSS opl gl
i dd |y alds Bl ol ysie ool L.w; Cds b wildiwiles
LA gV la S 5l osel candds golis pw dwlio b aSj opmess
bli )3 e (o35 5 (silu e disej )3 48)S Ojp0 Clisios
Ol e g @)l JEsl 8L by huy S e
O bl iy ras b 2l S Cdbp
Sl Jhe sy & s 3 Mes Casl S slad g St
sl 5 'l axie 4 s b ol Js

1- Thermal screen



1Y 090 Jlamoss ¥ o5lois Ao al «(6559LaS sl puiolo 4 pii YY o

g mas 4Seb dilive glagby, S 5 b el

bylys 0,8 eolyd g 098 I3 byl b st jelaiedy SwMS
Taki et al., ) 5,5 sl oolitwl god 5 sy sl olS gllas

(2018b
42 | Train:y = 0.99x + 0.39, Rz = 0.99 .
Test: y = 0.99x + 0.16, R2=0.99
38 | 0 .
3 34 i
g 30
IS
S 26
T 22
o
18 1 1
18 22 26 30 34 38 42
Actual value
(Tri)
35 [Train:y=098x+068 R2=0.99 e &
33 | Testy=0.99x-0.19,R>=0.99 @8
" .
=31t
>
- 29
2
(&)
'_5 27 B
(5]
& 25 |
23 < 1 1 1 1 1 1

23 25 27 29 31 33 35
Actual value

(Ta)

Predicted value

Predicted value

Yiosdgn SIS S Ikl pgil 3y9] Camday |y Sl IS clals
slp I e Mg Goiptn ase Sl 4 G
balsdS 3l lylyd pesd (lp (Foguan (osn slb Jde drwg
Laigh (cailds bl 295 O?“")‘fbi Lslexe ul).wu} 4 ag b

Train: y = 0.98x + 1.00, R2=0.99 e

62 | ‘
Test: y = 0.98x + 1.02, R2 = 0.99 g

58
54
50
46
42 r
38
34
30 ! ! ! ! ! ! ! !

30 34 38 42 46 50 54 58 62
Actual value

(Rhy)

35 | Train:y =0.92x + 2.40, R2=0.92
2 Test: y = 0.94x + 1.56, R2 = 0.91%;

27 29 31 33 35
Actual value

(Tp)

MLP Jso bowg SIS J51s yuiie ¥ odd i g (o28lg polie fp duslie =Y JS0
Fig.7. Comparison between actual and predicted values of 4 inside variables in the greenhouse by MLP model
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Fig.8. Comparison between actual and predicted values of 4 inside variables in the greenhouse by RBF model
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Table 1- The results of MLP and RBF model with two different data set for training and two training algorithms

o9 90] ] Eore
(77) o313 21051 Joess Jw Train Test Total
Size of data (%) Variable Model”
RMSE MAPE RMSE MAPE RMSE MAPE

T MLP1 0.83+0.25 1.62+0.46 0.88+0.30 1.73+0.48 0.85+0.24 1.65+0.45

" MLP2 1.42+0.44 2.89+0.93 1.49+0.40 2.96+0.87 1.44+0.42 2.91+0.92

Rh: MLP1 1.00+0.34 1.59+0.60 1.11+0.38 1.75+0.64 1.04+0.31 1.62+0.60

80 ! MLP2 1.90£0.51 3.3240.99 1.93+0.58 3.38+1.06 1.91+0.52 3.33%£1.00
T MLP1 0.31+0.04 0.74+0.09 0.35£0.05 0.83+0.11 0.32+0.03 0.76+0.75

2 MLP2 0.37+£0.08 0.92+0.21 0.39+0.08 0.94+0.19 0.38+0.07 0.92+0.20

T MLP1 0.87£0.05 1.61+0.05 0.96+0.13 1.80+0.19 0.89+0.04 1.65%0.15

P a MLP2 1.07+0.07 2.35+0.20 1.06£0.15 2.35+0.23 1.07+0.05 2.35+0.19

T 5‘ MLP1 0.76+£0.39 1.54+0.85 1.05+0.31 2.03+0.76 0.95+0.33 1.83+0.78

" MLP2 0.79£0.29 1.60+0.65 1.04+0.25 1.97£0.62 0.95+0.24 1.83%0.62

Rh: MLP1 0.77+£0.22 1.23+0.30 1.21+0.16 1.81+0.24 1.06+0.14 1.57+0.24

40 ! MLP2 0.98+0.27 1.55+0.42 1.36+0.23 1.98+0.37 1.81+0.37 1.2310.20
T MLP1 0.29+0.03 0.69+0.07 0.38+0.05 0.87£0.08 0.35+0.03 0.79%0.06

a MLP2 0.35+0.05 0.85+0.13 0.39+0.04 0.95+0.11 0.37£0.04 0.92+0.12

T MLP1 0.89+0.09 1.71+0.23 1.03£0.14 2.07+0.21 0.98+0.09 1.92+0.18

P MLP2 1.03+0.12 2.1940.33 1.05+0.07 2.32+0.87 1.05£0.06 2.27+0.25

T RBF1 0.26+0.01 0.66+0.03 0.26+0.03 0.64+0.06 0.26+0.01 0.66%0.03

n RBF2 0.26x0.01 0.67+0.03 0.26+0.02 0.68+0.06 0.26+0.01 0.68+0.03

Rh; RBF1 0.38+0.01 0.64+0.03 0.38+0.02 0.65+0.03 0.38+0.01 0.65%0.02

80 RBF2 0.38+0.02 0.66+0.03 0.38+0.03 0.66+0.05 0.38+0.01 0.66+0.02
T RBF1 0.25£0.01 0.59+0.02 0.25+0.03 0.60+£0.05 0.25£0.01 0.60%0.02

a RBF2 0.26x0.02 0.61+0.03 0.26+0.03 0.63+0.06 0.26+0.01 0.62+0.01

T RBF1 0.59+0.09 1.09+0.14 0.60+0.15 1.14+0.16 0.59+0.08 1.10%0.08

P % RBF2 0.68+0.08 1.28+0.10 0.69+0.14 1.31+0.18 0.69+0.07 1.29+0.10

T ® RBF1 0.27+003 0.67£0.04 0.27+0.02 0.67+0.04 0.27+0.02 0.67+0.03

" RBF2 0.27£0.02 0.69£0.04 0.27+£0.01 0.69+0.04 0.27+£0.01 0.69+0.02

Rh; RBF1 0.38+0.02 0.65+0.04 0.38+0.02 0.65+0.03 0.38+0.01 0.65%0.03

40 RBF2 0.37£0.02 0.65x0.03 0.38+0.03 0.65+0.04 0.38+0.01 0.65+0.02
T RBF1 0.25£0.02 0.59+0.05 0.25+0.01 0.59+0.02 0.25£0.01 0.59%0.01

2 RBF2 0.26+0.01 0.61+0.04 0.26£0.02 0.64+0.05 0.25+0.02 0.62+0.02

T RBF1 0.62+0.13 1.13+0.14 0.57+0.08 1.08+0.09 0.59+0.08 1.10%0.08

P RBF2 0.73x0.12 1.32+0.16 0.69+0.13 1.31+0.19 0.71+0.11 1.32+0.16
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Number 1 and 2 next to RBF and MLP models show the Trainlm and Trainbr, respectively. Also the bold rows have )
“(the best results.
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Table 2- Comparison between RBF and MLP for prediction the inside variables in glass greenhouse

JM }.. %
Variable
Model
Ty Rh; Ta T
MLP MAPE 1.65+0.45 1.57+0.24 0.76+0.75 1.65+0.15
RMSE 0.85+0.24 1.06+0.14 0.3240.03 0.89+0.04
RBE MAPE 0.66+0.03 0.65%0.02 0.6040.02 1.10+0.08
RMSE 0.26+0.01 0.38+0.01 0.25+0.01 0.59+0.08
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Table 3- Sensitivity analysis for MLP and RBF models relative to the 3 variables

e "J% MLP RBF
Variable Model RMSE MAPE R? RMSE MAPE R?
All 0.62 1.23 0.99 0.25 0.66 0.99
T. All exclude x1 1.02 1.84 0.97 0.75 125 0.98
" All exclude x2 0.87 1.69 0.98 0.56 1.01 0.99
All exclude x3 0.84 1.65 0.98 0.56 1.18 0.99
All 0.81 1.24 0.99 0.36 0.61 0.99
Rh; All exclude x1 1.66 2.72 0.95 0.84 1.07 0.99
All exclude x2 0.90 1.29 0.98 0.67 0.89 0.99
All exclude x3 1.39 2.19 0.96 0.56 0.99 0.99
All 0.34 0.83 0.99 0.24 0.59 0.99
T All exclude x1 0.34 0.85 0.99 0.32 0.77 0.99
a All exclude x2 0.32 0.76 0.99 0.29 0.70 0.99
All exclude x3 0.37 0.91 0.98 0.32 0.76 0.99
All 0.87 1.59 0.92 0.48 1.04 0.97
All exclude x1 0.89 1.68 0.92 0.79 1.31 0.93
Tp All exclude x2 1.06 1.99 0.88 0.63 1.27 0.96
All exclude x3 1.03 1.64 0.89 0.60 1.26 0.96
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(In above models, x;, X, and X3 are: l,, T, and Rh,, respectively)
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Introduction

Controlling greenhouse microclimate not only influences the growth of plants, but is also critical in the

spread of diseases inside the greenhouse. The microclimate parameters are inside air, roof, crop and soil
temperature, relative humidity, light intensity, and carbon dioxide concentration. Predicting the microclimate
conditions inside a greenhouse and enabling the use of automatic control systems are the two main objectives of
greenhouse climate model. The microclimate inside a greenhouse can be predicted by conducting experiments or
by using simulation. Static and dynamic models and also artificial neural networks (ANNSs) are used for this
purpose as a function of the metrological conditions and the parameters of the greenhouse components. Usually
thermal simulation has a lot of problems to predict the inside climate of greenhouse and the error of simulation is
higher in literature. So the main objective of this paper is comparison between two types of artificial neural
networks (MLP and RBF) for prediction 4 inside variables in an even-span glass greenhouse and help the
development of simulation science in estimating the inside variables of intelligent greenhouses.

Materials and Methods

In this research, different sensors were used for collecting the temperature, radiation, humidity and wind data.
These sensors were used in different positions inside the greenhouse. After collecting the data, two types of
ANNs were used with LM and Br training algorithms for predicting the inside variables in an even-span glass
greenhouse in Mollasani, Ahvaz. MLP is a feed-forward layered network with one input layer, one output layer,
and some hidden layers. Every node computes a weighted sum of its inputs and passes the sum through a soft
nonlinearity. The soft nonlinearity or activity function of neurons should be non-decreasing and differentiable.
One type of ANN is the radial basis function (RBF) neural network which uses radial basis functions as
activation functions. An RBF has a single hidden layer. Each node of the hidden layer has a parameter vector
called center. This center is used to compare with the network input vector to produce a radially symmetrical
response. Responses of the hidden layer are scaled by the connection weights of the output layer and then
combined to produce the network output. There are many types of cross-validation, such as repeated random
sub-sampling validation, K-fold cross-validation, Kx2 cross-validation, leave-one-out cross-validation and so on.
In this study, we pick up K-fold cross- validation for selecting parameters of model. The K-fold cross-validation
is a technique of dividing the original sample randomly into K sub-samples. Different performance criteria have
been used in the literature to assess model’s predictive ability. The mean absolute percentage error (MAPE), root
means square error (RMSE) and coefficient of determination (R?) are selected to evaluate the forecast accuracy
of the models in this study.

Results and Discussion

The results of neural network optimization models with different networks, dependent on the initial random
values of the synaptic weights. Thus, the results in general will not be the same in two different trials, even if the
same training data have been used. Therefore, in this research K-fold cross validation was used and different data
samples were made for train and test of ANN models. The results showed that Trainlm for both of MLP and
RBF models has the lower error than Trainbr. Also MLP and RBF were trained with 40 and 80% of total data
and results indicated that RBF has the lowest sensitivity to the size data. Comparison between RBF and MLP
model showed that, RBF has the lowest error for prediction all the inside variables in the greenhouse (Ta, Tp,
Tri, Rha). In this paper, we tried to indicate the fact that innovative methods are simpler and more accurate than
physical heat and mass transfer method to predict the environment changes. Moreover, this method can use to
predict other changes in greenhouse such as final yield, evapotranspiration, humidity, cracking on the fruit, CO2
emission and so on. So the future research will focus on the other soft computing models such as ANFIS, GPR,
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Time Series and select the best one for modeling and finally online control of greenhouse in all climate and
different environment.

Conclusions

This research presents a comparison between two models of Artificial Neural Network (RBF-MLP) to predict
4 inside variables (Ta, Tp, Tri, Rha) in an even-span glass greenhouse. Comparison of the models indicated that
RBF has lower error. The range of RMSE and MAPE factors for RBF model to predict all inside variables were
between 0.25-0.55 and 0.60-1.10, respectively. Besides the results showed that RBF model can estimate all the
inside variables with small size of data for training. Such forecasts can be used by farmers as an appropriate
advanced notice for changes in temperatures. Thus, they can apply preventative measures to avoid damage
caused by extreme temperatures. More specifically, predicting a greenhouse temperature can not only provide a
basis for greenhouse environmental management decisions that can reduce the planting risks, but also could be
as a basic research for the feedback-feed-forward type of climate control strategy.
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