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 This study analyzes the change rules between greenhouse crop transpiration and major indoor 
environment factors, builds two neural network prediction models of greenhouse eggplant transpiration rate 
based on BP and RBF and examines the performances of transpiration prediction models between different 
neural network methods. 

 In order to evaluate the performance of greenhouse crop transpiration prediction models 
based on different ANNs, two most promising 
networks, Back Propagation (BP) and Radial 
Basis Function (RBF) neural networks were 
applied to create prediction models for eggplant 
transpiration in a Venlo-type greenhouse, located 
in North China. In this work, the change rules 
between measured transpiration rate and indoor 
major environment factors were analyzed, and 5 
key inputs of the network structure were selected, 
such as indoor ground temperature, plant canopy 
temperature, solar radiation, relative humidity and 
pan evaporation. With the same network 
topological structure of 5-11-1 and same test data, 
two neutral network models were created by using 
neural network toolbox in MATLAB. 

 After the comparative analysis of the 
results, it was indicated that: Both models in the 
same condition were acceptable, and the efficacy 
indictor (EI) of models were more than 90%, 
relative errors (RE) between predicted and 
measured values were less than 0.30. 
Furthermore, the RBF neural network model 
provided faster learning speed and higher precise 
results, and the average relative error of it was 
0.56%, less than BP (2.99%). 

 The results indicate that the RBF 
neural network model is more advantageous to 
predict the greenhouse crop transpiration under 
similar conditions, and may be recommended for 
practical application.
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Introduction

The greenhouse vegetable cultivation is rapidly 
developing in China (Liao, 2016; Zhou and Wang, 2013; Wei and 
Sun, 2014), and the indoor environment is very different from the 
outdoor environment (Kiyan et al., 2013; He, 2014; Aldaihani and 
Raslan, 2017; Mahato et al., 2018). Greenhouse is a relative 
closed system with remarkable micro-climate effect where the 
indoor environment factors have multiple correlations with each 
other, and there are more complex nonlinear relationships 
between transpiration and environment factors (Gerasimov and 
Lyzlova, 2014; Wang et al., 2013). Different from the outdoors, the 
indoor crop transpiration rule has its unique characteristics (Ge et 
al., 2015; Bumidin et al., 2018; Emelue and Omonzogbe, 2018). 

Crop transpiration is mainly measured by transpiration 
rate, which plays an important role in crop water requirement (Li 
and Zhou, 2015). From the point of research progress at home 
and abroad, the research on crop transpiration rate is mainly 
based on linear or non-linear regression equation (Wang et al., 
2015). But these methods have limitation in practical applications, 
as these methods are not applicable to analyze data without a 
certain statistical distribution, the dimension is difficult to 
determine and the randomness and volatility of nonlinear data 
has a big contribution to poor predict precision. Greenhouse is a 
relatively closed system, and there are more complex nonlinear 
relationships between transpiration and environment factors than 
outdoors, so the indoor crop transpiration rule cannot be 
described by regression simply (Zhang et al., 2015; Razzak et al., 
2018). 

As an interdisciplinary theory, artificial neural network 
models are widely used. Currently, it is widely being used in the 
areas of system identification, signal processing, prediction and 
mechanical control (Zou et al., 2014; Zakerzadeh et al., 2010; 
Ememu and Nwankwoala, 2018; Ma and Huang, 2007; Rajesh et 
al., 2013; Gai et al., 2015; Wang et al., 2014). The neural network 
model can be used as a black box system for estimating crop 
transpiration rate by establishing a nonlinear prediction model. 
This method effectively reduces the estimation error (Sun et al., 
2014; Joghataie and Farrokh, 2011; Kibria et al., 2018). Several 
neural network prediction models are practiced in crop water 
requirement prediction according to indoor or outdoor 
environmental factors, among which BP neural network model 
and RBF network model are the two most popular models (Liu et 
al., 2013; Hanafiah et al., 2017; Lijie and Feng, 2018). 

In the past, the BP neural network has been used more in 
artificial neural network. It is a multi-layer feed forward network 
with hidden layers, which could systematically solve the learning 
problem of hidden layer cell connection rights in multi-layer 
networks, however, its complex and unfixed network structure 
limits the learning speed and modelling efficiency. In addition to 
the BP neural network, a common network based on Radial Basis 

Function (RBF) is popular too, which has a more simple network 
structure and a faster learning speed, may perform better than the 
BP network in greenhouse application (Liu et al., 2013; Li et al., 
2018; Khattak et al., 2018). 

The performance of greenhouse crop transpiration 
prediction models, based on ANNs, has been rarely evaluated, 
especially in greenhouse. High performance of the model arises 
from appropriate network types and structures. However, which 
method is more suitable for estimating greenhouse crop 
transpiration is still inconclusive. Therefore, this study analyzes 
the change rules between greenhouse crop transpiration and 
major indoor environment factors, builds two neural network 
prediction models of greenhouse eggplant transpiration rate 
based on BP and RBF respectively, and examine the 
performances of transpiration prediction models between 
different neural network methods.

Materials and Methods

Study area: The experimental study on transpiration rate 
prediction model was carried out in the winter of 2014 at Henan 
Key Laboratory of Water-Saving Agriculture, North China 
University of Water Resources and Electric Power, Zhengzhou 
City.

The greenhouse was a glass one of Venlo type  equipped 
with heating, ventilation, fertigation, sunshade and all-time test 
measurement system, could take a real-time  for the indoor 
meteorology, irrigation, drainage, soil moisture content and crop 
physiological status. The greenhouse was made of steel frame 

2with a covering area of 537.6 m  (19.2m×28m), span of 9.6 m, roof 
height of 4.73 m, roof angle of 22 °, top ventilation of 27% and 
domestic cover material of 4 mm float glass. The other specific 
parameters of the greenhouse structure is shown in Table 1.

Eggplant was cultivated in the greenhouse with drip 
irrigation under mulch, using an inlays-type drip irrigation belt as 
drip irrigation system, drip spacing of 30cm, the line source moist 
situation were formed in the field. The upper limit irrigation was 
80% field water capacity, which could be controlled by Time 
Domain Reflect meter (TDR).

Data collection: The indoor meteorology parameters, such as 
ground temperature(Ts), relative humidity (RH), plant canopy 
temperature (Tp), solar radiation (Ra) were collected 
automatically by corresponding sensors connected to the LPS-05 
type of plant growth monitoring device, and the data-collection 
interval was set 0.5 hour; Pan evaporation (E) was observed 
manually once a day at 9:00 am; Greenhouse eggplant 
transpiration rate (Tr) was measured by fast weighing method as 
per Eq.1.

                                                                                           (Eq.1)

G. Jiankun et al.: Performance of greenhouse crop transpiration prediction models

 
T =r  A·Dt

Dm



On
li
ne
 C
op
y

Journal of Environmental Biology, Special issue, May 2019

Through trial calculation by experience formula, it was 
determined that 9 neurons in the hidden layer were proposed 
ultimately for both of the two neural network models (Yang et al., 
2014; Noor et al., 2018). So, the neural network models both had 
a final topology of 5-11-1. Model design processes were as 
follows.

In the BP network model training, “Levenberg – 
Marquardt” was regarded as the network learning algorithm (Wu 
et al., 2005), “tansig” as the transfer function of input layer and 
hidden layer, “purelin” as the transfer function of output and 
“trainscg” as training function. As shown in Fig.1, the training 

thprocess of BP network didn't stop until the 265  iteration, when the 
-12total square error reached the control value of network (1×10 ). 

With the absolute error of network maintained at (-1, 1), it could be 
regarded that the accuracy of the model reached the training 
terminated (Fig.1).

In the RBF network model training, “newrb” is regarded as 
the function to design RBF network (Liu et al., 2013). Its call form 
as follow:

(Eq. 6)

Where, p, t are respectively for the input sample vector 
and the output sample vector; GOAL is the target error, which is 
0.0001; SPREAD is extended constant, SPREAD=1; MN is the 
largest neuron number; DF is the display frequency of iterative 
process, DF = 1. As shown in Fig.2, the iteration process of 
training terminated after 178 times, when the error of the 
network achieved its predetermined value, with the absolute 
error of the network maintained at (-1, 1) , the training terminated 
(Fig.2).

Performance Indicators: The performance indicator of efficacy 

indictor (EI) was used to show the validity degree of prediction 

models, higher the EI value, better was the performance of model. 

The performance indicator of relative error (RE) was used to 

evaluate the prediction accuracy of models, and RE measured 

the deviation in transpiration rate from the desired target value. 

Smaller the RE value, better was the performance of the model. 

EI and RE indicators were defined by the ASCE Task Committee 

and Kumar M. as Eq. 7 and Eq.8, respectively. 

net = newrb (p, t, GOAL, SPREAD, MN, DF)     

420

-2 -1Where, T  is the transpiration rate (g·m ·h ); Δm is the leave r

weighing difference at two time (g); A is the leaf area of branches 
2(m ); Δt is the measurement time (hr).

Influence parameters analysis: Due to significant microclimate 
effect in greenhouse, crop transpiration is interrelated to 
environmental factors. So it is uncertain in choose input 
parameters of the prediction model. In order to find out the key 
influence factors and to facilitate the establishment of prediction 
model, it is necessary to analyze correlation between 
environmental factors and crop transpiration.

Data normalization process: As the original data collected was 
not in the same order of magnitude, to improve the accuracy of 
neural network training, all the data to be mapped to [-1, 1] was 
required for normalization process. MATLAB provides the data 
normalization processing functions as follow:

 (Eq.2)

Specific algorithm:

(Eq. 3)

Reverse normalization processing function:

(Eq. 4)

Execution algorithm:

 (Eq. 5)

Where, p is a set of data collected, min p is the smallest value of 
this set of data, max p is the maximum of this set of data, pn is the 
mapped data.

Design neural network models: As a comparison, two neural 
network prediction models of greenhouse eggplant transpiration 
rate were build based on BP and RBF, respectively. The two 
models were built using neural network toolbox in MATLAB and a 
three-layer network structure containing one hidden layer was 
used to build these models, with consistent ground temperature 
(Ts), relative humidity (RH), plant canopy temperature (Tp), pan 
evaporation (E), solar radiation (Ra) as input and observed crop 
transpiration rate as output. Training sample data was obtained 
from the cardinal-numbered days during the experiment.

[pn, minp, maxp] = premnmx (p)               

p = postmnmx (p, min p, max p)              

p = 0.5 ( pn + 1) (max p - min p) + min p         

G. Jiankun et al.: Performance of greenhouse crop transpiration prediction models

Table 1: Table of model parameters

Parameters Symbol Value Units

Greenhouse volume V 2150.6 m³
Ground area A 537.6 m²s

Crop planting area A 510.0 m²p

 Covering surface area A 927.6 m²c

Vent area A 145.2 m²v

Light transmittance of glass T 0.89 1a

 2(p - min p)

max p - min p
pn = -1 
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(Eq. 7)

 (Eq. 8)

Where, N is the number of samples, y(i) is the system actual 
measured value, ý is the average of measured values and y  (i) is m

the predicted value of model

Results and Discussion

Relationship between greenhouse environment and crop ET: 
All the analysis was performed with SPSS. The change laws 
between the measured greenhouse eggplant transpiration rate 
and indoor various influence parameters were analyzed (Fig. 3-
8). A correlation was observed between transpiration rate and 

2indoor ground temperature (R =0.6153), solar radiation 
(R2=0.7943), pan evaporation (R2=0.8095), while negative was 

2found with relative humidity indoor (R =0.6646) and air pressure 
2(R =0.2009). It can be found that, the degree of correlation of 

other variables were so high that they could not be ignored, 
therefore, these five meteorological factors were selected as the 
main influence parameters to build the transpiration rate 
prediction models, based on neural networks in greenhouse.

Comparison between Back Propagation (BP) and Radial 
Basis Function (RBF) neural networks: The required data for 
evaluating and analyzing the performance of two models was 

obtained in even-numbered days during experiment. After 
reverse normalized treatment, the prediction results of two 
models were compared to the measured values (Fig.8).

As shown in Fig.8, both of the two models' predictive 
resulting data based on BP and RBF neural networks, had a 
consistent trends with the measured data. According to Eq. 8, the 
efficacy index (EI) of the two models was calculated, and the 
results were 94.24 % and 96.65% respectively, that indicated the 
validity of RBF based neural network model was a little better than 
the BP based neural network model. However, in the overall 
evaluation of both the neural network prediction models had a 
certain effectiveness, and both of the predicted results were ideal 
(Fig.8).

In order to evaluate the models' predicted accuracy, the 
relative errors between the two groups of predicted values 
(Tr(BP) and Tr(RBF)) and the measured values (Tr) were 
calculated in this study. According to Table 1, both of the two 
models' predicted errors were in the range of -0.3 to 0.3. In 
addition, there apeared some large deviations between the 
predicted and the measured values during the test (e.g. Dec 20th 
and Dec 30th). According to measured data observation, it was 
found that these large deviations appeared mainly in changeable 
weather when various greenhouse regulation measures would 
produce certain interferences in the models, resulting in 
decreased prediction accuracy and appear large deviations. 
However, overall evaluation of both of the predicted results were 
satisfactory. 

Our findings suggest that using meteorological data as 
input factors, the practicability of artificial neural network model 
can be improved, and it realizes the real prediction on 
greenhouse crop transpiration, unification of precision and 

G. Jiankun et al.: Performance of greenhouse crop transpiration prediction models

Fig. 2 : RBF network training error decline curve.
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Fig. 4 : Transpiration rate and plant canopy temperature.

Fig. 3 : Transpiration rate and ground temperature.

practicability of these models. This finding is in confirmation with 
the previous study carried on both field and greenhouse crops 
(Sun et al., 2014). The neural network has a self-learning 
characteristic, which can be used as an effective non-linear fitting 
method and can learn the potential rules between the crop  and 

various influence factors in the greenhouse (Ma and Huang, 
2007; Rajesh et al., 2013).

Through model validation, it is proved that the prediction 
models based on BP and RBF neural networks are both effective 
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for projecting greenhouse eggplant transpiration rate, and both 
has high prediction accuracy (Zakerzadeh et al., 2010). 
Furthermore, our findings suggest that compared with the BP 
network, which has been used more in artificial neural network in 
the past, the advantages of this RBF network were reflected in the 

following aspects: the RBF network model training took less time 
(Xu and Wu, 2002). It has been reported that the iterations in RBF 
network training process in the MATLAB was 178 times, while BP 
network need 265 times. Apparently, RBF neural network training 
is of better practical value; the predicted accuracy of RBF based 

G. Jiankun et al.: Performance of greenhouse crop transpiration prediction models

Fig. 5 : Transpiration rate and solar radiation.

Fig. 6 : Transpiration rate and air pressure. 
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model was higher, and it showed a better prediction ability than 
BP network model; the pan evaporation had a high correlation 
with crop transpiration and it is supposed to be a key input factor 
of the model structure, and new network structure including pan 
evaporation had a higher predicted accuracy. 

In this study, two popular artificial neural networks for 
predicting crop transpiration were evaluated for greenhouse 
eggplant with drip irrigation under mulch condition in the North 
China. The RBF neural network model had more advantages than 
BP neural network for predicting the greenhouse crop 

G. Jiankun et al.: Performance of greenhouse crop transpiration prediction models

Fig. 8 : Forecast results of two models.

Fig. 7 : Transpiration rate and relative humidity.



On
li
ne
 C
op
y

Journal of Environmental Biology, Special issue, May 2019

425

transpiration rate under similar conditions, which is proposed to 
be used in future study. The study has an important guiding 
significance for water requirement rule and irrigation 
management of greenhouse crop with drip irrigation under mulch.

In this study the network model parameters were 
obtained under certain natural conditions and farmland 
management level. The artificial neural network models cannot 
reflect the relationships between different environmental factors. 
This is the inevitable limitation of the artificial neural network, so it 
has certain application scope, which is suitable to the similar 
situation and similar area in China.
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