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ABSTRACT: 
 

Plant water status is one of the most important control factors for optimizing growth in plants. 
This paper provides dynamic optimization of water temperature, which maximizes the leaf 
water content of tomato plants in a hydroponic system. Leaf water content was estimated from 
leaf thickness using an eddy current-type displacement sensor. The control system consisted of 
a feedback control system and a decision system. In the decision system consisting of neural 
networks and genetic algorithms, leaf water content of plant to water temperature was first 
identified using neural networks and then the optimal 5-step set points were determined 
through simulating the identified neural-network model using genetic algorithms. The optimal 
5-step set points of water temperature were {40, 15, 40, 22, 30C} under the constraint of 
1040C. One step is 60 minutes. The leaf water content in this optimal manipulation was 
about 1.3 times larger than that in the step response changing from 10 to 30C. We suggest 
that this control technique is suitable for optimizing hydroponic cultivation processes and the 
control strategy, including high temperature stress application, accelerates the physiological 
responses and then promotes root water uptake of tomato plants during a short period within a 
day. 
 

Keywords: Dynamic optimization, leaf water content, water temperature, neural networks, 
general algorithms. 

 

[1] INTRODUCTION  

Hydroponic cultivation allows a more accurate and flexible control of environmental 

factors in the root-zone than soil cultivation [1]. The promotion of growth and the production 

of high quality plants can also be expected through optimal control of the root-zone 

environment.  

In the root-zone environment in hydroponics, water temperature is one of the major 

manipulating factors for controlling plant growth and development, because it is easy to 

control using a heater and a cooler. Optimal control of water temperature brings about good 

fruit ripening with no reduction in growth or fruit set. Ikeda and Osawa [2] reported that root 

temperature is an important factor that directly affects plant growth. Root temperature also 

affects many physiological processes such as respiration [3], water absorption [4], nutrient 
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uptake [5] and water movement and transpiration [6]. Davis and Lingle [7] elicited increased 

growth with warmed roots (2530oC) and decreased growth when roots were cooled below 

15oC [8]. Although water temperature has been shown to affect plant growth, the physiological 

basis for the dynamic response in controlling the plant production system has not been 

thoroughly investigated. 

Leaf water content, on the other hand, is one of the most important controlled factors for 

optimizing growth in plants, because it significantly affects both the quantity (growth) and 

quality of plant significantly. It is, however, difficult to directly and continuously measure the 

dynamic change in leaf water content of an intact whole plant, without damaging the plant. 

Leaf thickness is used as a sensitive indicator for estimating leaf water content of plants. 

Meidner [9], Syverrtsen and Levy [10] and Búrquez [11] used indirect methods for monitoring 

water status based on using displacement transducers to measure swelling and shrinkage in a 

wide range of plant tissue such as in leaves. In this study, therefore, the leaf water content was 

estimated from leaf thickness. An eddy current-type displacement sensor allows the leaf 

thickness to be measured in a continuous and non-destructive manner. 

To apply dynamic optimization techniques to the plant production system, an exact 

dynamic model of the process is required. The optimal control strategy is determined by 

predicting the future behaviors of the process using the dynamic model. A model is also used 

to better understand the process behavior and synthesis of the control system [12].  

In general, however, it is difficult to successfully make a dynamic model of the 

physiological- ecological processes of plants (e.g., leaf water content to water temperature), by 

using conventional mathematical approaches characterized by deterministic parameters and 

mathematical equations. This difficulty is because the physiological-ecological processes have 

complex properties, such as strong nonlinearity, and marked time-delay and time-varying 

system parameters [13]. Another method for constructing a dynamic model is system 

identification which deals with unknown processes. The identification methods have been 

rapidly applied to plant production systems [14][15][16]. It is possible to adapt the 

time-variation of the physiological status of a plant if the identification procedure is repeated 

periodically as the plant grows.  

Intelligent approaches, such as neural networks and genetic algorithms, have been 

extensively developed. These techniques are powerful tools for dealing with complex 

problems to which conventional mathematical approaches cannot be applied. Neural networks 

are effective in building a dynamic model of a complex system because it can acquire the 

essential dynamics using its own high learning capability [18]. In a plant production system, 

artificial neural networks have been widely applied to identify the physiological responses of 

plant [14] [15] [16]. Genetic algorithms are one combinatorial optimization technique. They 

are used to determine an optimal value (or at least near global one) of a complex objective 

function, with a multi-point search procedure, by simulating the biological evolutionary 

process based on crossover and mutation in genetics [19]. Recently, these intelligent 

approaches have been applied to plant production systems [17][20][21]. 

The objective of this study is to identify the leaf water content of tomato plants as 

affected by water temperature, and then find the optimal m-step set points of water 

temperature which maximizes the leaf water content of tomato plants through simulating the 
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identified model, using an intelligent control technique combined with neural networks and 

genetic algorithms.  

 

[2] MATERIALS AND METHODS 

 

[2.1] Experimental system 

The experiment was conducted in a growth chamber at Ehime University from October 

to December, 2014. Plant materials used in this experiment were tomato plants (Lycopersicon 

esculentum Mill. cv. Momotaro). Plants were grown using standard nutrient solution with an 

electrical conductivity (EC) set at 1.2dSm-1. At 14 days after transplanting or when plant 

height reached about 20 cm, plants were moved to a hydroponic system in a chamber 

(LHU-112M, Tabai-Espec), where the air temperature and relative humidity were strictly 

controlled to a precision of 0.1C and 3%RH, respectively. Figure 1 shows a schematic 

diagram of the measuring system for leaf thickness and control system for water temperature 

used in this study. The light source was LED light of 100 mol m-2s-1. The water temperature 

of the nutrient solution in the hydroponic system was controlled using a heater and a cooler.  

[2.2] Leaf thickness measurement for estimating leaf water content 

Directly measuring the leaf water content of a plant in a non-destructive and continuous 

manner is usually difficult. Leaf thickness can be used as a sensitive indicator for estimating 

leaf water content of a plant [9][10][11]. Here, leaf thickness was measured in a continuous 

and non-destructive manner using an eddy current-type displacement sensor (PU-05 model 

AEC-5505). An aluminum plate (10101 mm) was put on a leaf and a high-frequency 

current was supplied to the coil inside the sensor head to generate a high-frequency 

electromagnetic field. When the target (magnetic substance) approaches this electromagnetic 

field, an eddy current-type displacement sensor is generated on the surface of the target and 

changes the sensor coil impedance. The sensor system detects the resulting change in 

oscillation strength to identify the relationship between displacement and voltage. 

 

Figure: 1. A Measuring System for Leaf Thickness and Control System for Water Temperature 

[2.3] Dynamic optimization problem 

Sufficient water content in a plant leads to active growth of the plant, because the 

increase in the turgor pressure of the plant cells caused by sufficient water results in cell 

elongation and growth promotion [22]. The optimal control problem in this study is to 
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maximize the leaf water content of tomato plants during the daytime (about 5 hours) by 

controlling water temperature. In this study, leaf water content was estimated from leaf 

thickness. 

If LT(k) (k=1, 2, ..., N) is a time series of leaf thickness of a plant, as affected by water 

temperature WT(k) at time k, and the sampling time k is 1 minute, an objective function, 

F(WT), is given by summing the leaf thickness during the final control step (Nm-1  k  N).  

 F(WT) =   LT(k)      (1) 

The length of whole control process was N=300 minutes (constant). To achieve dynamic 

optimization, the control process was divided into m (=3, 4, 5, 6, 8) steps. Therefore, the 

dynamic optimization problem here is to determine the m-step set points of water temperature 

{WT1, …, WTm}, which maximize the objective function F(WT). This process is the same as 

solving a combinatorial problem of the m-step set points for water temperature. Water 

temperature (WT) was constrained to 10C for the minimum value and 40C for the maximum 

value.  

   Maximize F(WT)      (2) 

   subject to 10 C  WT(k)  40C  

[2.4] Optimal control system for dynamic optimization of hydroponic cultivation 

Figure 2 shows a block diagram of an optimal control system for achieving dynamic 

optimization of water temperature, consisting of a feedback control system for controlling 

water temperature and a decision system for determining the optimal set point of water 

temperature. The manipulating factor is water temperature and the controlled factor is leaf 

water content of the plant.  

The decision system consists of neural networks and genetic algorithms and is used to 

determine the optimal set points of water temperature. In this method, leaf water content, 

affected by water temperature in the root-zone, is first identified using neural networks, and 

then the optimal m-step set-points of water temperature are determined through simulating the 

identified neural-network model using genetic algorithms.  

 

 

 

 

 

 

 

Figure: 2. Block Diagram of an Optimal Control System for Hydroponic Cultivation. 
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Neural networks were used to create a dynamic model for simulation through learning 

(=identification), which predicts the response of leaf water content as affected by water 

temperature. In this study, a one-input (water temperature) and one-output (leaf water content) 

model was built.  

Figure 3 shows a three-layer neural network with time-delay operator for identifying this 

system. To identify dynamic responses, arbitrary feedback loops and time-delay operators for 

producing time histories (time-series) of the input and output data like an ARMA model are 

provided in the network [14][17][23].  

The dynamic response of the leaf water content LWC(k) (k=1, …, N) to water 

temperature WT(k) was identified and modelled using this neural network [23][24]. The 

current output LWC(k) was estimated from historical input data {WT(k), WT(k-1), ..., 

WT(k-n)} and from past historical output data {LWC(k-1), ..., LWC(k-n)}. The learning 

method was error back-propagation [18]. 

LWC(k) = f (WT(k), WT(k-1), …, WT(k-n)), LWC(k-1), ..., LWC(k-n))     (3) 

 

where n is the system order (number of system parameters). The unknown function f () can be 

approximated by a neural network. 

 

 

 

 

 

Figure: 3.  Structure of a three layered neural network for identifying a dynamic model with one input 

(water temperature WT(k)) and one output (leaf water content LWC(k)). 

 

The data on the input and output were divided into two data sets, a training data set and 

a testing data set. The former was used for training the neural network, and the latter for 

evaluating the accuracy of the identified model. The testing data sets have to be independent 

from the training data sets. This type of model validation is called “cross-validation”. The 

most important task in determining a model’s structure is choosing the system parameter 

number (or system order). The system parameter number and the hidden-neuron number of the 

neural-network were determined through trial and error based on cross-validation.  

[2.6] Genetic algorithm application for determining an optimal value 

Genetic algorithms were used to determine an optimal value that maximizes the 

objective function through simulating the identified neural-network model. The objective 

function is given by the plant growth rate response. Figure 4 shows a diagrammatical view of 

this simulation method. The total combination number of the input under the constraint of 10 

to 40C is 31m (m=3, 4, 5, 6, 8). Therefore, numerous output responses of leaf water content 
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are obtained through simulation. To employ genetic algorithms, an “individual” for genetic 

evolution has to be defined as the first step. Each individual represents a candidate for an 

optimal solution (one possible solution). Because the aim of dynamic optimization is to 

determine the m-step set points of water temperature that maximize F(WT), the m-step set 

points of water temperature, (WT1, … WTm), represent an individual and each nutrient 

concentration is coded as a six-bit binary string (e.g.,100100). This coding as a binary string is 

because the genetic operators (crossover and mutation) are usually implemented based on a 

binary digit operation. The binary digit 0 or 1 is called a “gene”. For the crossover, two 

individuals (e.g., 000101 and 001111) are first mated at random and then cut at the 3-bit 

position along those strings. Following this, two new individuals (000111 and 001101) are 

generated by swapping all binary characters from the 1-bit to 3-bit position on those strings. 

For the mutation, one individual (e.g., 000011) is first selected at random, and then a new 

individual (010011) is created by inverting one character from 0 to 1 at the 5-bit position. The 

numbers of crossover and mutation depend on the crossover rate Pc and the mutation rate Pm, 

respectively. The simple constraints of water temperature were 10C  WT  40C. 

              Individual = WT1, …, WTm = 100100, …, 111110 

A set of individuals is called a “population”, and the individuals evolve toward better 

solutions. Genetic algorithms work with a population involving many individuals. The 

population size varies according to the use of genetic operations. A smaller population size 

tends to converge to local optima. Here, the population size was determined through trial and 

error to be 2200 individuals.  

 

 

 

 

 

 

 

Figure: 4. A Method for Finding an Optimal Value (Combination Of The m-Step Set Points) of Water 

Temperature that Maximizes the Rate of Leaf Water Content (Objective Function) Through Simulation. 
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to 1 or vice versa. The mutation operation increases the variability of the population and helps 

to avoid the possibility of falling into local optima in the evolution process [25]. 

Figure 5 shows a flow chart of the searching process of the optimal value using the 

genetic algorithm. (Step 1) An initial population consisting of several individuals is generated 

at random. (Step 2) New individuals in another population are added to the original population 

to maintain diversity. (Step 3) Crossover and mutation operations are applied to individuals 

selected at random. (Step 4) The fitness values of all individuals are calculated using the 

neural-network model and their performance is evaluated. (Step 5) Superior individuals are 

selected and retained for the next generation. (Step 6) Steps 2 to 5 are repeated until an 

arbitrary condition is satisfied. An optimal value is given as an individual with highest fitness. 

An elitist strategy was used for selection. 

 

 

 

 

 

 

 

 

 

 

Figure: 5. Flow Chart of The Searching Process of The Optimal Value Using Genetic Algorithms. 

 

[3] RESULTS AND DISCUSSION 

 

[3.1] Relationship between leaf thickness and leaf water content 

Leaf water content of the tomato plants was estimated from leaf thickness which allows 

continuous and non-destructive measurements. Figure 6 shows the relationship between the 

change in leaf thickness (m) and leaf water content (%) of tomato leaves. It can be seen that 

the water content of the common leaves is more than 80%. The correlation coefficient was  

r2= 0.9826. It was found that both variables are closely related to each other and the 

relationship can be estimated by a linear line, as shown in the figure. Therefore, leaf water 

content can be estimated from leaf thickness.  
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Figure: 6. Relationship Between Leaf Thickness and Leaf Water Content. 

[3.2] Dynamic responses of leaf water content to water temperature 

The data for learning (identification) was obtained to make a dynamic model. Figure 7 

shows four types of typical dynamic responses of leaf water content in the tomato plants to 

changes in water temperature for nine hours. These responses reflect a process of water 

movement from the roots to the leaves, including root water uptake [26]. Leaf water content 

depends on the balance between leaf transpiration and water supply caused by root water 

uptake.  

From the figure, it was found that leaf water content increased and decreased with water 

temperature, which means that root water uptake is promoted by raising water temperature. 

This finding can be explained by the thermal motion of water molecules becoming active and 

water viscosity decreasing with raising water temperature. These results suggest that leaf water 

content can be successfully controlled by water temperature and its optimization 

(maximization) is possible to optimize the growth of tomato plants.  

At a water temperature below 50C, leaf water content increased in proportion to water 

temperature. However, a high water temperature of more than 60C reduced leaf water 

content.  

For learning (identification), seven patterns for the input and one pattern for the output 

were obtained for learning and validation of the neural-network model. Leaf water content of 

the plant to water temperature was then identified by a neural network, and a black-box model 

for predicting the leaf water content of the plant was created. 

 

 

 

 

 

 

 

 

Figure: 7.   Four Types of Typical Dynamic Changes in Leaf Water Content of The Tomato Plants Grown 

in a Hydroponic System, as well as Water Temperature, Used for Identification. 
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[3.3] Identification (learning) results 

The system parameter number (or system order) n and the hidden neuron number of the 

neural network nh were determined through cross-validation. Figure 8 shows the relationship 

between the system parameter number n and the estimated error in identifying the testing data 

sets. Estimated error decreased with the system parameter number. However, there was no 

significant difference in the error when the system parameter number was more than the 90th. 

Therefore, n=90 was selected as the suitable system parameter number. Figure 9 shows the 

relationship between the neuron number in the hidden layer nh and the estimated error. It was 

found that the estimated errors for the 20th hidden neuron number gave a minimum error. 

Consequently, the system parameter number n and the hidden neurons nh were determined to 

be 90 and 20, respectively. These values minimized the error between the estimated and 

observed values in the testing data sets.  

 

Figure: 8. Relationship Between System Parameter Number And Estimated Error. 

 

Figure: 9. Relationship Between Hidden Neuron Number And Estimated Error. 

 

Figure 10 shows the comparison of the estimated response, calculated from the neural 

network model, and the observed response for leaf water content. A testing data set, which is 

quite different from the training data sets, was used for this comparison. It was found that the 

estimated response was very closely related to the observed response. There is no significant 

identification error. This means that we succeeded in making a suitable model (simulator) for 

searching for an optimal value.  
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Next, simulations were conducted to investigate the dynamic responses of leaf water 

content to water temperature using the identified neural-network model. Figure 11 shows the 

estimated step responses of leaf water content as affected by the step inputs of water 

temperature from 15 to 20, 30, 40, 50 and 60C.  

 

 

 

 

 

 

 

 

Figure: 10.  Comparison Of The Estimated Response, Calculated From The Neural Network Model, and  

for Leaf Water Content. 

 

The step response becomes larger in the first half of the response as the step input of the 

water temperature becomes higher. At water temperatures above 40C, however, significant 

decreases in leaf water content were observed in the latter half of the response. These 

reductions are probably due to root water uptake being inhibited following the physiological 

disorder of the roots caused by high temperature.  

 

 

 

 

 

Figure: 11.  Estimated Step Responses of Leaf Water Content as Affected by The Step Inputs of Water 

Temperature from 15 to 20, 30, 40, 50 and 60C Obtained from Simulation. 
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Figure 12 (a) and (b) show the estimated and observed static relationships between 

water temperature and leaf water content in the tomato plants. The estimated values in Fig.12 

(a) were obtained at 180 minutes after the step input of water temperature in Fig.11. From 

Fig.12(a), leaf water content increased until the water temperature reached about 35C. At a 

water temperature above 35C, however, leaf water content decreased with increasing water 

temperature. The same tendency was seen in the observed values of Fig.12 (b). The reason that 

leaf water content increased with water temperature is because the thermal motion of water 

molecules becomes active and water viscosity decreases with rising water temperature [27]. 

However, high water temperatures above 35C induce physiological disorders in the root 

system and results in lower leaf water content, because high water temperature results in less 

dissolved oxygen in the hydroponic solution followed by decreased root respiration. 

Consequently, root uptake of water and nutrient ions is inhibited. In a short period, it is 

assumed that leaf water content as a result of higher root water uptake increases with water 

temperature up to approximately 35C because high water temperature has less effect [27][28]. 

However, long-term application of such high temperatures causes poorer growth of plants.  

Thus, leaf water content, including root water uptake, of the tomato plants is 

significantly suppressed by high water temperature, and the relationship between water 

temperature and leaf water content is represented by a mountain-shaped curve with an 

optimum value of about 35C. This result was obtained from the response in the steady state 

over a short period of several hours. Comparing figures, 12 (a) and (b), it can be seen that the 

estimated static relationship is in fairly good agreement with the observed relationship. These 

results suggest that a reliable computational model could be obtained to predict the behavior of 

leaf water content under any combination of the m-step set points of water temperature. 

  

(a) Estimated relationship               (b) Observed relationship 

Figure: 12. Static Relationship Between Water Temperature and Leaf Water Content. 

 

Many growers consider that root activity such as water uptake at temperatures above 

30C or below 15C is inhibited in many plants [29]. However, it is thought that this applies to 

the case of long-term cultivation over several weeks [27]. Our experiment was conducted 

within a day. From our experiment, looking specifically at the static relationship between 

water temperature and leaf water content obtained from model simulation, leaf water content 
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increased with water temperature up to approximately 35C, and then decreased with 

increasing water temperature. Therefore, the optimal water temperature is estimated to be 

around 35C during a short period within a day. This optimal temperature, the result of a 

short-term response, might be a little higher than a commonly used optimal temperature 

(2530C) [30]. Recently, however, Yoshida and Eguchi [31] showed that root water uptake 

increased with water temperature up to 33C in a response over several hours. Falah et al. [27] 

also reported that the rate of root water uptake of tomato plants during the short period within 

a day was higher in the 35C water temperature than in the 22C water temperature. These 

results show that optimal water temperature for short-term dynamic control is different from 

that for long-term management. It is, therefore, emphasized that in a short period within a day, 

the root water uptake of tomato plants tends to increase with increasing water temperature 

close to 35C, whereas a water temperature above 25C is usually unsuitable for long-term 

cultivation. 

[3.4] Optimal control results 

The optimal m-step set points of water temperature that maximize leaf water content of 

the tomato plants was determined. Concerning division number m, we chose 5th as a best one 

because it maximized the value of fitness that shows the value of the objective function given 

by equation (1).  

 

Figure: 13. An Evolution Curve in Searching for an Optimal Value. 

The process of determining optimal values using the genetic algorithms is the same as 

that of biological evolution. Figure 13 shows the evolution curve for the case of the 5-step 

control process. The vertical axis is the fitness value of the best individual at each generation 

and the horizontal axis is generation number. The crossover rate Pc and mutation rate Pm were 

0.8 and 0.8, respectively. 

Fitness dramatically increased and then reached a maximum value at the 13th 

generation. The degree of increase was larger for higher crossover and mutation rates than for 

lower crossover and mutation rates because fitness could not reach the maximum value and 

fell into a local optimum when the crossover and mutation rates were low. This tendency is 

probably due to the loss of diversity in the population caused by low crossover and mutation 

rates. An optimal value is given as an individual with highest fitness. The optimal value 

(5-step set points) obtained here was 40C for the 1st step, 15C for the 2nd step, 40C for the 

3rd step, 22C for the 4th step and 30C for the 5th step when water temperature was constrained 
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to 1040C. The final water temperature at the 5-step was fixed to 30C because it maximized 

leaf water content, as shown in Fig.12(b).  

Finally, the optimal value (5-step set point of water temperature) was applied to a real 

hydroponic system. Figure 14 shows the actual optimal control performance of leaf water 

content (bold black line). One step was 60 minutes. The grey line is the step response of leaf 

water content to the step input of water temperature from 10 to 30C, which is used for 

comparison.  

 

 

 

 

 

 

 

 

 

 

 

Figure: 14.  Actual Optimal Control Performance of Water Temperature that Maximizes Leaf Water 

Content of The Tomato Plants at The Final Step. The Division Number of The Control Process 

M is Equal to 5 Steps. 

 

The optimal value (4015402230C manipulation) looks like a combination of 

the high and low water temperatures. That is, under the constraint of water temperature from 

10 to 40C, an intelligent optimization technique recommends repeating the manipulation that 

raises the water temperature to the high level (40C) and then drops it to the low level (15C) 

to maximize the leaf water content of the tomato plants. As shown in Figure 14, the average 

value of leaf water content under optimal manipulation gradually increases with applying the 

maximum and minimum water temperatures to the tomato seedlings, compared with the step 

response.  

In considering the dynamic characteristics of leaf water content to water temperature 

obtained from dynamic optimization including model simulation, an optimal value that 

maximizes leaf water content was not a constant value, but was determined to be a 

combination of high temperature (40C) and low temperature (15C) when water temperature 

was constrained to 1040C. A combination of the sudden rise and drop of water temperature 

between 15 and 40C tends to increase leaf water content of the plants compared with when 

water temperature was maintained at a suitable level (30C) throughout the control process.  



 

DYNAMIC OPTIMIZATION OF WATER TEMPERATURE FOR MAXIMIZING LEAF WATER CONTENT OF TOMATOES 

IN HYDROPONICS USING AN INTELLIGENT CONTROL TECHNIQUE 

76 

 

In general, two temperatures in the optimal 5-step operation, 40 and 15C, are 

excessively high and low for the physiological-ecological activities of the plants. It can be 

seen that such a significant rise and drop in water temperature looks like a stress application to 

the plants and seems to be unsuitable for plant growth. We surmise that the physiological 

activities of the plants became active after removing the temperature stress, whereas they 

decreased when applying high (or low) temperature stress to the plants, which means that 

applying temperature stress to the plants optimally accelerated the physiological responses and 

promoted root water uptake [32][33]. The reason is thought to be that applying a suitable heat 

stress resulted in the plants acquiring a transient thermal tolerance and promoted root water 

uptake even in a higher water temperature. Many researchers have supported the idea that a 

suitable heat stress application to plants is effective in reducing the quality losses of the plants 

[34][35][36]. From our experiment also, the water loss of fruit during storage could be 

successfully inhibited by optimally applying heat stress (40C) to the fruit [15]. It is, therefore, 

suggested that applying a suitable (or optimal) environmental stress such as heat stress to 

plants is effective in promoting root water uptake which then increases leaf water content of 

plants during the short-term management of water temperature in hydroponics [16][21][37]. 

These results suggest that a control method that changes flexibly and optimally based on 

plant responses is a better way to promote water absorption by tomato plant roots during the 

initial growth stages than a conventional control method that simply keeps optimal water 

temperature constant at approximately 25C along with growth. Thus, it was shown that the 

intelligent optimal control technique proposed here is suitable for optimizing such complex 

processes as the hydroponic cultivation process. 

 

[4] CONCLUSION 

In this study, dynamic optimization of water temperature, which maximizes the leaf 

water content of tomato plants in a hydroponic system, was conducted using an intelligent 

control technique combined with neural networks and genetic algorithms. There was a close 

correlation between leaf water content and leaf thickness, showing a high correlation 

coefficient of r2=0.9826. Leaf water content of tomato plants was continuously and 

non-destructively estimated by measuring leaf thickness using an eddy current-type 

displacement sensor. A three-layered neural network was effective in making a model of such 

a complex system of leaf water content to water temperature. For dynamic optimization, the 

control process was divided into m steps. Using the genetic algorithms, we were able to 

determine the optimal 5-step set points of water temperature {40, 15, 40, 22, 30C} that 

maximizes leaf water content through simulating the identified neural-network model under 

water temperature constrained to 1040C. Applying this optimal manipulation to a real 

system increased leaf water content 1.3 times compared with a step response. We suggest that 

this control technique is useful for promoting root water uptake and leaf water content of 

tomato plants during a short period within a day. 
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