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Transpiration Prediction of Sweet Peppers Hydroponically-grown
in Soilless Culture via Artificial Neural Network
Using Environmental Factors in Greenhouse

Du Sung Nam, Joon Woo Lee, Tae Won Moon, and Jung Eek Son*

Department of Plant Science and Research Institute of Agriculture and Life Sciences,
Seoul National University, Seoul 08826, Korea

Abstract. Environmental and growth factors such as light intensity, vapor pressure deficit, and leaf area index are
important variables that can change the transpiration rate of plants. The objective of this study was to compare the
transpiration rates estimated by modified Penman-Monteith model and artificial neural network. The transpiration
rate of paprika (Capsicum annuum L. cv. Fiesta) was obtained by using the change in substrate weight measured by
load cells. Radiation, temperature, relative humidity, and substrate weight were collected every min for 2 months.
Since the transpiration rate cannot be accurately estimated with linear equations, a modified Penman-Monteith equa-
tion using compensated radiation (Shin et al., 2014) was used. On the other hand, ANN was applied to estimating the
transpiration rate. For this purpose, an ANN composed of an input layer using radiation, temperature, relative humid-
ity, leaf area index, and time as input factors and five hidden layers was constructed. The number of perceptons in
each hidden layer was 512, which showed the highest accuracy. As a result of validation, R* values of the modified
model and ANN were 0.82 and 0.94, respectively. Therefore, it is concluded that the ANN can estimate the transpira-
tion rate more accurately than the modified model and can be applied to the efficient irrigation strategy in soilless
cultures.

Additional Key words : black box modelling, deep learning, paprika, Penman-Monteith equation
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Table 1. Average ranges of input factors of the artificial neural
network.

Environmental factor Range
Temperature (°C) 17.2 - 46.1
Relative humidity (%) 25.7-94.1
Vapor pressure deficit (kPa) 59.6 - 872.5
Solar radiation (W-m?) 0.0 - 628.4
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Fig. 1. Structure of an artificial neural network including the input layer (I), hidden layers (H;, H,, Hs, Ha, Hs), and output layer (O). Input

layer includes radiation (RAD), relative humidity (RH), days after transplanting (DAT), and leaf area index (LAI) Each hidden layer has
128 perceptrons.

Table 2. Parameters used in the artificial neural network in which Adams optimizing method was used. Dropout was set 1.0 in the test to
use the entire neural network.

Parameter Value Description
Minibatch size 5000 Number of training cases over which each stochastic gradient descent update is computed
Learning rate 0.001 Learning rate used by Adams optimizing method
By 0.9 Exponential decay rate for the moment estimates
B2 0.999 Exponential decay rate for the moment estimates
€ le-0.8 A constant for numerical stability
Dropout probability 0.7 Probability of dropping out units in the neural network
Training epoch Various Number of training iteration
Training data size 10000 Size of data set used for training
Test data size 4881 Size of data set was used for test.
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Fig. 2. Changes in radiation (R4D), vapor pressure deficit (VPD), and transpiration (77) from 16 to 18 Sept, 2017.
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Fig. 3. Estimation of leaf area index (LA/) by using leaf length
and leaf width with days after transplanting (DAT) Vertical bars
represent the standard error (n=40).
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