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Abstract: In order to improve the efficiency of CO2 fertilizer and promote high quality and yield, it is necessary to precisely 

control CO2 fertilizer by wireless sensor network based on a model of photosynthetic rate prediction in greenhouse.  An 

experiment was carried out on tomato plants in greenhouse for photosynthetic rate prediction modeling combined rough set and 

BP neural network.  In data acquiring phase, plants growth information and greenhouse environmental information that may 

have influences on photosynthetic rate, including plant height, stem diameter, the number of leaves and chlorophyll content of 

functional leaves, air temperature, air humidity, light intensity, CO2 concentration and soil moisture, which were measured.  

And LI-6400XT photosynthetic rate instrument was used for obtaining net photosynthetic rate of functional leaf.  After 

preliminary processing, 135 sets of data were obtained. And twelve of them were used for model test of neural network, while 

the others were used for modeling.  All of the data were normalized before modeling.  Two models were built to predict 

photosynthetic rate based on BP neural network. One had total nine input parameters.  The other had six input parameters, 

chlorophyll content, air temperature, air humidity, light intensity, CO2 concentration, and soil moisture, which were reducted 

from original nine based on attributes reduction theory of rough set.  Both two models have one output parameter, the net 

photosynthetic rate of single leaf.  The genetic algorithm was adopted to reduct attributes. Since continuous data cannot be 

processed by rough set, the K-mean cluster method was used to discretize the data of nine input parameters before attributes 

reduction.  The prediction results of two models showed that the model with six input parameters had a mean absolute error of 

0.6958, an average relative error of 7.28%, a root-mean-square error of 0.7428, and a correlation coefficient of 0.9964, while 

the other model respectively had 0.4026, 4.53%, 0.3245 and 0.9965, which proved that the model with minimum attributes had 

higher prediction accuracy.  On the other hand, the number of iterations was used to represent the neural network train speed.  

The result showed that the model with six input parameters had an iteration of 544, while the other had 1038.  Hence, the 

reduction model was applied to controlling CO2 concentration.  The net photosynthetic rates at different CO2 concentrations 

were predicted at a certain condition.  The results had the same curve trend with theory analysis, and a high prediction 

accuracy, which proved that the model was useful for CO2 concentration control. 
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1  Introduction 

Wireless sensor network (WSN), as a new technology  
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of information acquisition, has been widely used in 

agriculture, especially in greenhouse
[1-3]

.    Greenhouse 

environment is convenient to control for providing better 
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crop growth conditions.  Applying WSN in greenhouse 

is to benefit production management, thus to promote 

high quality and yields
[4]

.  The large amounts of data 

acquired by WSN can be used for further suggestion and 

decision of production management. 

Carbon dioxide (CO2) is one of the most important 

raw materials for plant growth.  Research results show 

that an appropriate supply of CO2 air fertilizer will 

improve crop yields and quality
[5-7]

.  However, crop 

growth information and greenhouse environmental 

information will influence the photosynthetic rates of 

crop, and further influence the requirements of CO2 

fertilizer
[8]

.  Therefore, how to determine the optimal 

CO2 demand has become a key of precision 

fertilization
[9,10]

.  Many crop growth models have been 

studied and applied, and photosynthetic rate prediction 

models have been developed.  However, most of these 

models were based on mechanism of photosynthesis, the 

parameters of the models could not be measured 

automatically
[11-14]

.  Wang et al. used a WSN system to 

collect environmental information automatically, and 

extracted the information for photosynthetic rate.  

However, the crop growth information was not 

considered
[15,16]

. 

The objective of this research was to build a single 

leaf net photosynthetic rate prediction model on tomatoes, 

on the purpose of CO2 concentration control in 

greenhouse.  In this study, the greenhouse 

environmental parameters were automatically collected 

by WSN, the plants growth information was measured 

manually during the whole tomato growth stage, both of 

this information data were considered as the input 

parameters of prediction model. 

2  Materials and methods 

2.1  Experimental design 

The system architecture is shown in Figure 1.  The 

source of data consists of environmental data collected by 

WSN, crop growth data measured manually, and 

photosynthetic rate data measured by LI-6400XT device.  

Based on the above information, the photosynthetic rate 

prediction model and CO2 requirement model are built.  

According to these models, CO2 concentration can be 

adjusted in the greenhouse through controlling the 

executive unit. 

The experiment was conducted in an experimental 

greenhouse of the College of Water Conservancy and 

Civil Engineering, China Agricultural University.  The 

experiments were carried out from 12 July to 16 August, 

2013, and tomato was in the seeding stage during this 

period.  Tomatoes were planted under 3 different soil 

moisture conditions, including 35%-45%, 55%-65% and 

75%-85%.  The soil moisture was controlled by 

weighing and watering quantificationally.  The 

environmental parameters were automatically collected 

by WSN every 30 min, including air temperature and 

humidity, CO2 concentration and light intensity.  The 

crop growth information was measured manually once a 

week, including plant height, stem diameter, the number 

of leaves and chlorophyll content of functional leaf. 

Among which, chlorophyll content was measured by 

SPAD502 chlorophyll meter.  In order to reduce 

measurement errors, the value of chlorophyll was 

averaged by several measurements.  Function leaf (the 

third phyllotaxy from top to bottom) of tomatoes was 

selected as the object leaf during the experiment. 

Function leaf has a special position, excellent 

morphology and physiological function in plants, and 

plays an important role in the course of crop yield 

formation. 

 

Figure 1  Architecture of CO2 control system 
 

   Experiments about photosynthetic rate were carried 

out on 2, 9 and 16 August when the weather was sunny.  

During the experiment, the single leaf net photosynthetic 

rate was measured by the LI-6400XT.  In order to obtain 

a wide range of experimental data, the Red/Blue LED 
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Light Source and CO2 injection system were used to 

artificially control the leaf chamber temperature, 

humidity, light intensity, and CO2 concentration.  The 

whole experiments included three steps.  First of all, a 

set of light-response curves were measured in order to 

find the light saturation point of photosynthetic rate, and a 

set of CO2 concentration response curves under the 

saturation light intensity were measured to estimate the 

saturation CO2 concentration.  Secondly, a set of 

temperatures response curves were measured at the near 

saturation light intensity and CO2 concentration, in which 

the measured temperature was controlled in plus or minus 

six degrees environment temperature.  A set of humidity 

response curves were measured at saturation light 

intensity, CO2 concentration and optimum temperature, in 

which gas flow rate was used to control the humidity.  

Four groups of curves and a total of 30 groups of data 

were acquired in this step.  Finally, three healthy plants 

were selected from different groups of soil moisture to 

measure single leaf net photosynthetic rate with 

controlled light intensities and CO2 concentrations.  In 

this process, light intensity was set at 300 mol/(m
2
·s), 

600 mol/(m
2
·s), 900 mol/(m

2
·s), respectively.  The 

CO2 concentration of greenhouse air is about        

400 mol/mol, therefore, the CO2 concentration range 

were set from 400 mol/mol, to slightly beyond the 

position of CO2 concentration saturation point, at an 

interval of 200 mol/mol.  A total of 105 sets of data 

were obtained.  Besides, in order to test the model, a 

CO2 response curve was measured at a certain condition, 

which obtained eight sets of data.  Based on the above 

experiments, 143 sets of data were obtained, which 

included the growth information and the photosynthetic 

rate data of nine plants under different environment.  

Among which, eight sets of data were used for the CO2 

response curve forecast. 

2.2  Data analysis methods 

2.2.1  The attributes reduction theory of rough set 

Rough set is a symbol method that analyzes the 

correlation and dependence between data
[17]

.  It can 

simplify data and reduce redundancies, improve the speed 

of neural network training and then optimize the neural 

network model. 

Rough set can be regarded as an information system, 

which consists of a set of objects.  The objects are 

represented by a set of attributes, including condition 

attributes and decision attributes.  Attributes reduction is 

to remove the unnecessary condition attributes and obtain 

the minimum condition attributes, at the same time, 

maintain the same classification capability of the 

information system
[18]

.  In the information system of 

tomato photosynthetic rates, single leaf net 

photosynthetic rate is the decision attribute and the rest of 

the parameters are the condition attributes. 

2.2.2  BP neural network modeling 

Artificial neural network is a non-linear statistical 

data modeling tool with high nonlinear mapping 

capability.  It is mainly used in pattern recognition and 

function approximation, etc.  Back-propagation neural 

network (BPNN) is the most common kind of neural 

networks
[19]

.  The drawback of BPNN is difficult to 

interpret the result, so a good assessment is required
 [20-21]

.  

In order to effectively evaluate the prediction 

performance of BPNN, several evaluation parameters 

were used in this paper, including R (Relative coefficient), 

ARE (Average relative error), MAE (Mean absolute error) 

and RMSE (Root-mean-square error).  

Figure 2 is the flow process of building 

photosynthetic rate prediction model.   

 

Figure 2  The modeling chart of photosynthetic rate prediction 
 

Firstly, the data were normalized to make the index of 

each input parameter in the same dimension.  Secondly, 

the normalized data were randomly divided into training 

group and testing group.  Thirdly, according to the 
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results of rough set reduction, the data with minimum 

condition attributes were extracted from both training and 

testing group, and then the neural network model was 

developed.  In order to evaluate the performance of the 

developed models, the model based on the data with total 

condition attributes was also built.  Fourthly, the two 

models were tested by testing group data respectively.  

Finally, the training accuracy and training speed of the 

two models were analyzed and compared by the 

evaluation parameters. 

3  Results and analysis 

The environmental parameters in greenhouse and 

plant growth parameters were used as the input 

parameters of the photosynthetic rate prediction model.  

And the single leaf net photosynthetic rate of tomato was 

used as the output parameter.  Before building the model, 

the data collected by WSN and the photosynthetic rate 

device needed to be matched firstly. 

3.1  Attributes reduction 

Among the nine condition attributes, only the data of 

soil moisture was discrete (three levels of soil moisture).  

The rest of attributes were continuous data.  The 

continuous data needed to be discretized before attributes 

reduction by rough set.  In this paper, K-means 

clustering method was adopted to discretize the data. 

K-means clustering method takes distance as the 

evaluation index of similarity.  In other words, the closer 

the two objects are, the more similar they are.  The 

specific implementation procedures were listed as follows.  

Firstly, the cluster centers were initialized according to 

the specified number of clusters K.  Secondly, for each 

object, it decided which class to belong to, and for each 

class, it recalculated its cluster center.  Finally, repeated 

the second step until convergence.  The SPSS software 

was used to cluster the continuous input data of each 

attribute.  The output cluster centers of each attribute 

were shown in Table 1.  All objects of each attribution 

were represented by the cluster number, therefore, a 

discrete information system was formed and could be 

processed by rough set. 

Genetic algorithm is one of the common methods of 

attributes reduction in rough set.  It initializes population 

by initializing binary codes with a fixed length.  The 

length of the binary code is as same as the number of 

condition attributes.  Every bit in binary codes has two 

values.  Value “1” or “0” represented “selected” or “not 

selected” state of the corresponding condition attribute 

respectively.  The individual fitness is evaluated by the 

less number of condition attributes and the higher 

resolution.  The operations of selecting, intersecting and 

variation are executed to get the best individual until final 

convergence.  The best individual represents the 

minimum attributes.  In this paper, the genetic algorithm 

in Rosetta software was used to reduct condition 

attributes of discrete information system.  From the 

reduction result, the minimum condition attributes had six 

attributes, including chlorophyll content, soil moisture, 

air temperature, air humidity, light intensity and CO2 

concentration.  Both the data with minimum attributes 

and complete attributes were used to establish prediction 

models of photosynthetic rate respectively. 
 

Table 1  Cluster centers of the attributes 

Attribute Cluster centers 

Plant height/cm 23.8, 19.2, 13.5 

Stem diameter/cm 2.36, 3.02, 3.57 

The number of leaves 6.8, 8.5, 9.5 

Chlorophyll content 44.4, 49.4, 53.6 

Air temperature/°C 31.87, 35.97, 41.46, 45.87 

Air humidity/% 25.41, 30.93, 44.37, 57.47 

Light intensity/mol·m
-2

·s
-1

 1200.55, 906.29, 599.99, 299.98, 56.42 

CO2 concentration/mol·mol
-1

 
127.32,  392.99, 595.34, 800.11, 

1000.31, 1199.99, 1399.43 

Photosynthetic rate/mol·CO2 m
-2

·s
-1

 
−0.84, 1.44, 4.10, 6.07, 8.54, 11.14, 

13.59, 16.01, 18.91, 21.37 
 

3.2  BPNN model building 

The Matlab software was used to establish BPNN 

model.  Data were randomly divided into training group 

and testing group.  The training group was used to train 

the neural network, and the testing group was used to 

verify the effectiveness of the models.  Among the 135 

sets data obtained from the experiment, twelve sets were 

randomly selected as the testing group, and the rest 123 

sets were used as the training data. 

In this study, a three-layer neural network was used to 

build the prediction model, including input layer, hidden 

layer and output layer.  Logsig and Purelin functions 

were used as transfer functions, wherein Logsig was used 

for the input layer to the hidden layer, and Purelin for the 
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hidden layer to the output layer.  Bayesian normalization 

method was used as the learning method, and Trainbr was 

used as the analytic function.  The number of nodes in 

the hidden layer was determined according to the 

empirical Equation (1). 

h i on n n l                 (1) 

where, nh, ni, and no represent the number of hidden layer 

neurons, input layer neurons and output layer neurons 

respectively; and l is a constant with value fluctuated 

from 1 to 10.  After several trials, the number of hidden 

layer nodes was finally set to 15 in the model with the 

complete attributes and to 12 in the model with the 

minimum attributes. 

3.2.1  Photosynthetic rate prediction 

After the models were built, twelve sets of test data 

randomly selected were used to evaluate the performance 

of the BPNN models.  Figure 3 shows the predicted 

value and observed value of 12 sets data.  The 

performance comparison of two models was analyzed in 

Table 2. 

 

Figure 3  The prediction results of BPNN 

 

Table 2  Performance comparison of two models 

Prediction  

samples ID 

Observed value/ 

mol CO2·m
2

·s
1

 

Complete attributes prediction Minimum attributes prediction 

Predicted value Absolute error Relative error/% Predicted value Absolute error Relative error/% 

1 18.9719 18.4711 −0.5008 2.6396 18.9326 −0.0393 0.2071 

2 9.5274 8.1729 −1.3545 14.2172 9.1337 −0.3937 4.1325 

3 18.3465 16.5671 −1.7794 9.6988 19.9629 1.6163 8.8099 

4 1.9143 2.4533 0.5390 28.1562 2.3372 0.4230 22.0951 

5 11.9241 11.8578 −0.0663 0.5562 11.6992 −0.2249 1.8865 

6 19.9079 18.5598 −1.3481 6.7716 19.8318 −0.0761 0.3822 

7 1.4210 1.4940 0.0729 5.1324 1.4279 0.0069 0.4852 

8 22.1368 21.7687 −0.3681 1.6629 21.8516 −0.2852 1.2883 

9 15.9336 15.3247 −0.6089 3.8214 15.4653 −0.4683 2.9389 

10 14.4928 13.7250 −0.7678 5.2975 14.0242 −0.4686 3.2333 

11 16.5767 16.1446 −0.4321 2.6066 16.2756 −0.3011 1.8164 

12 7.4770 6.9656 −0.5114 6.8400 6.9492 −0.5278 7.0595 

MAE 0.6958 0.4026 

ARE/% 7.28 4.53 

RMSE 0.7428 0.3245 

R 0.9964 0.9965 

The number of iterations 1038 544 

 

From Table 2, the prediction model established by the 

minimum attributes group was better than the complete 

attributes group in absolute and relative errors.  

According to the model with minimum attributes, the R, 

MAE, ARE and RMSE, were 0.9965, 0.4026, 4.53%, and 

0.3245 respectively.  The results of evaluation indices 

showed the model with minimum attributes had a more 

accurate prediction and a faster training speed.  The 

above results prove that the BPNN is an effective method 

to predict the net photosynthetic rates.  And the rough 

set attributes reduction can optimize the BPNN model. 

3.2.2  CO2-photosynthetic rate prediction 

The real time environmental information in 

greenhouse and the plants growth information could be 

used to predict the photosynthetic rates and find the 

optimal CO2 concentration with the established BP neural 

network model.  Under a certain condition, the 

maximum photosynthesis rate could be found by 

prediction of CO2-photosynthetic rate curve.  The CO2 

concentration which corresponds to the maximum 

photosynthesis rate is the optimal level of CO2 

concentration.  Figure 4 shows the relationship between 
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CO2 concentration and photosynthetic rate according to 

the prediction model with minimum attributes.  The 

other environmental factors included soil moisture set to 

75%-85%, air temperature set to 38°C, air humidity set to 

41.5%, light intensity set to 900 mol/(m
2
·s), and 

chlorophyll content set to 44.4.  The prediction curve 

was similar to the observation curve with small errors, 

which proved the model could use for predicting net 

photosynthetic rate of single leaf.  

In addition, Figure 4 demonstrates that the maximum 

rate of photosynthesis was obtained at the CO2 

concentration of 800 mol/mol.  Under this condition, 

through controlling the switch of CO2 air source, 

application of the appropriate amount of CO2 

concentration could make the plant grow better. 

 

Figure 4  The prediction of photosynthetic rates at different CO2 

concentrations 

4  Conclusions 

In order to achieve the precision control of CO2 

fertilizer, a photosynthetic rate prediction method was 

designed.  Experiments about the net photosynthetic rate 

of single leaf were carried out on tomatoes at the seeding 

stage.  The experiments extracted nine attributes, 

including greenhouse environment information and plants 

growth information, as the input parameters of 

photosynthetic rate prediction model, and the single leaf 

net photosynthetic rate of tomatoes as output parameter.  

The model was established based on a BP neural network.  

In order to further improve the prediction accuracy and 

efficiency of the model, the nine input parameters were 

reducted by rough set.  The reduction results contained 

six input parameters, which were used to build another 

model of BP neural network.  The comparative results of 

the two models showed that the model with six input 

parameters was faster in training speed and better in 

prediction accuracy.  Finally, the model with six input 

parameters was used to predict the photosynthetic rates 

with varying CO2 concentrations under a certain 

environmental condition.  Therefore, the optimal CO2 

concentration was obtained under this condition.  The 

prediction results showed that the BPNN model was 

effective on photosynthetic rate prediction.  In order to 

further verify the building model, the experiments should 

be implemented at other growing stage of tomato plants.  

The values of plants growth parameters should be 

extended in relative wide ranges.  And the controlled 

range of air temperature and humidity should also be 

extended.  Therefore, more experiments would be 

carried out in the further. 
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