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Abstract: CO2 concentration is an environmental factor affecting photosynthesis and consequently the yield and quality of 
tomatoes.  In this study, a photosynthesis prediction model for the entire growth stage of tomatoes was constructed to elevate 
CO2 level on the basis of crop requirements and to evaluate the effect of CO2 elevation on leaf photosynthesis.  The effect of 
CO2 enrichment on tomato photosynthesis was investigated using two CO2 enrichment treatments at the entire growth stage.  
A wireless sensor network-based environmental monitoring system was used for the real-time monitoring of environmental 
factors, and the LI-6400XT portable photosynthesis system was used to measure the net photosynthetic rate of tomato leaf.  As 
input variables for the model, environmental factors were uniformly preprocessed using independent component analysis.  
Moreover, the photosynthesis prediction model for the entire growth stage was established on the basis of the support vector 
machine (SVM) model.  Improved particle swarm optimization (PSO) was also used to search for the best parameters c and g 
of SVM.  Furthermore, the relationship between CO2 concentration and photosynthetic rate under varying light intensities was 
predicted using the established model, which can determine CO2 saturation points at the various growth stages.  The 
determination coefficients between the simulated and observed data sets for the three growth stages were 0.96, 0.96, and 0.94 
with the improved PSO-SVM and 0.89, 0.87, and 0.86 with the original PSO-SVM.  The results indicate that the improved 
PSO-SVM exhibits a high prediction accuracy.  The study provides a basis for the precise regulation of CO2 enrichment in 
greenhouses. 
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1  Introduction  

Solar greenhouse, which is an intelligent production  
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system, is a trend in the development of facility 
agriculture.  The major crops planted in greenhouses are 
high-value crops such as leafy vegetables, fruit vegetables, 
and flowering plants[1].  Monitoring and control of 
greenhouse conditions are highly important to provide a 
growth-conducive environment for these crops.  
Real-time, convenient, and efficient acquisition of 
environmental parameters is an important foundation to 
manage greenhouse conditions. 

Wireless sensor network (WSN) is a new technology 
of information acquisition that has been widely used in 
agriculture, especially in greenhouses[2,3].  Mancuso and 
Bustaffa[4] developed a knowledge-based decision 
support system based on WSN.  This system measures 
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the microclimate of a tomato crop to acquire detailed 
information necessary for the development of a novel 
decision support system that will help farmers improve 
crop quality.  Srbinovska et al.[5] designed a practical 
and low-cost WSN technology-based greenhouse 
monitoring system for key environmental parameters, 
such as the temperature, humidity, and illumination.  
Hwang et al.[6] also proposed a growth management 
system to improve productivity by maintaining an 
optimized environment for crop growth; this system not 
only can reduce production cost but also conveniently 
control various greenhouse parameters, such as 
illumination, temperature, electrical conductivity, pH, and 
CO2 concentration.  Rapid acquisition of information via 
WSN provides great convenience in greenhouse 
management and in conducting research on the influence 
of environmental factors on greenhouse crops. 

In greenhouse crop production, environmental factors 
such as CO2 concentration, light intensity, and 
temperature are highly important for crop growth. CO2 
concentration affects photosynthesis, and CO2 is one of 
main raw material for crop growing.  Studies have 
shown that biomass increases by approximately 50% in 
C3 plants[7] and 12% in C4 plants[8] under CO2 
enrichment conditions.  In addition, elevated CO2 
significantly increases photosynthetic rate[9,10].  
However, CO2 is quite expensive and should be applied 
very efficiently.  Excess CO2 not only increases input 
costs but also negatively affects crop growth.  Therefore, 
an appropriate CO2 management scheme must be 
developed.  Measuring the single-leaf photosynthetic 
rate and establishing a photosynthesis prediction model 
are necessary to optimize CO2 regulation.  Wang et al.[11] 
established a photosynthetic rate prediction model on the 
basis of the BP neural network at the late seedling and 
flowering stages, as well as elucidated the effect of CO2 
concentration on crops at various growth stages.  Zhang 
and Wang[12] constructed a canopy photosynthesis model 
of tomato on the basis of simple leaf photosynthesis and 
investigated the influence of environmental factors (e.g., 
temperature, CO2, and moisture).  Hu et al.[13] also 
proposed an optimal photosynthesis regulation model of 
tomato seedlings on the basis of the genetic algorithm; 

this model can measure light saturation point under 
certain air temperature and CO2 concentration but 
involves manual and limited acquisition of environmental 
information.  Furthermore, these studies built models of 
crops at a single growth stage and lacked observation on 
crop photosynthesis at the entire growth stage. 

The support vector machine (SVM) model, which is 
based on statistical learning theory and the principle of 
structural risk minimization, has been applied in 
nonlinear regression and data prediction.  Wang et al.[14] 
presented an SVM regression modeling method and 
online learning approach for greenhouse environment.  
In addition, Zai et al.[15] established an SVM model for 
the determination of leaf area of sweet pepper, and this 
model exhibits high prediction accuracy and good 
practical value.  Basing on the obtained characteristic 
spectra, Zhang et al.[16] established a fruit sugar SVM 
prediction model with parameter optimization.  These 
studies provided the basis for the establishment of a 
photosynthesis prediction model.  However, the most 
important problems encountered in establishing an SVM 
model lie in the selection of kernel functions and other 
relevant parameters.  Grid search is a common method 
to choose parameters.  However, it suffers from several 
weaknesses, such as the requirement of a large amount of 
training data, and the time cost would sharply increase as 
the searching grids become denser[17].  Kennedy et al.[18] 

proposed the PSO (Particle swarm optimization) 
algorithm, which is a typical group of intelligent 
algorithms, and is usually used to determine parameters 
of SVM model because it is simpler and faster.  Xu et 
al.[19] established the prediction model of the temperature 
of blast furnace based on the improved PSO-optimized 
SVM.  Liu et al.[17] proposed IPSO-SVM model, which 
could achieve higher recognition accuracy and efficiency 
for online recognition defects in eddy current testing.  
However, one drawback of the PSO algorithm is easy to 
fall into local optimum in the case of few training sample.  
In order to obtain more accurate results, the PSO 
algorithm needs to be optimized and improved. 

Considering the problems mentioned above, this 
study aimed to build a photosynthesis prediction model 
for tomato plants by using the improved PSO-SVM, as 
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well as to quantify the effects of CO2 on photosynthetic 
rate.  In this study, the environmental parameters 
collected by WSN were used as input parameters for the 
model.  The net photosynthetic rate measured using the 
LI-6400XT photosynthesis system was as the output.  
To verify the generality, the model was tested by using 
the dataset obtained from three growth stages (i.e., late 
seedling, full flowering, and early fruiting stages).  This 
model can be used to determine the precise relationship 
between CO2 concentration and photosynthetic rate, as 
well as serve as a basis for the precision regulation of 
CO2 enrichment in greenhouses. 

2  Materials and methods 

2.1  Architecture of the system 
To analyze the effect of CO2 enrichment on 

photosynthesis and growth of plant during the entire 
growth stage, the elevated CO2 experiment was 
implemented.  During the experiment, the WSN-based 
environmental monitoring system consisting of sensor 
nodes, a sink node, and a remote data management 
platform was used to monitor environmental factors in 
real time and control CO2 concentration enrichment.  
The LI-6400XT portable photosynthesis system (LI-COR 
Inc., Lincoln, NE, USA) was used to measure the net 
single-leaf photosynthetic rate of tomato, and the data 
were transmitted into a remote data management platform.  
Moreover, PSO-SVM and its improved version were used 
to establish a photosynthesis prediction model that 
describes the relationship between CO2 concentration and 
photosynthetic rate at the three growth stages.  
Environmental factors were used as input variables for 
the models after being processed via independent 
component analysis (ICA), and the photosynthetic rate 
served as the output variable.  Figure 1 shows the 
system architecture. 
2.2  Experimental design 

The experiments were performed from April to June 
2015 in a greenhouse at the College of Water 
Conservancy and Civil Engineering, China Agricultural 
University.  As one of the world’s major greenhouse 
crops, tomato variety “Zhefen 702” was selected as 
experimental  object.  The  plants  were  placed  in  two  

 
Figure 1  System architecture 

 

cultivation bins with plastic film PEP (2.5 m (length) × 
0.6 m (width) × 2.0 m (height)) and then grown under 
similar conditions (i.e., natural temperature and humidity).  
The sensor node connected to an electromagnet was used 
to control the switch of the CO2 source.  The gas was 
delivered from the cylinders and passed through a 
pressure-reducing valve for diffusion into the cultivation 
bin via a white transparent plastic hose, along which    
0.2 cm wide holes were placed every 30 cm[20].  The 
tomatoes were treated with CO2 enrichments (1000±50 

μmol/mol (C1) and atmospheric CO2 concentration in 

greenhouse (CK, approximately 450 μmol/mol)) at the 

three growth stages. 
2.2.1  Collection of environmental information 

The environmental information during the entire 
growth stage of tomato was automatically collected in 
real time by using the WSN system every 30 min.  The 
system consisted of sensor nodes, a sink node, and a 
remote data management platform.  The sensor nodes, 
which contain five types of sensors that measure 
environmental factors, including air temperature and 
humidity, CO2 concentration, light intensity, substrate 
temperature, and moisture, collect and transmit data to the 
sink node by using the ZigBee protocol.  The sink node 
stores data received from the sensor nodes and sends 
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these data to the remote data management platform via 
the general packet radio service module.  The remote 
data management platform exhibits a good man-machine 
interface and can be used to observe environmental 
changes, set CO2 enrichment schedule, and establish a 
photosynthesis prediction model by combining 
environmental factors and photosynthetic rate. 
2.2.2  Photosynthetic rate measurement 

The experiments were divided according to the three 
growth stages of tomato: late seedling, full flowering, and 
early fruiting.  A similar method in measuring 
photosynthetic rate was employed at each growth stage. 

For each treatment, five tomato plants growing 
consensus were randomly selected to measure the net 
photosynthetic rate by using the LI-6400XT portable 
photosynthesis system.  The middle part of fully 
expands functional leaves which located as the second or 
third leaf from top to bottom, was measured.  To expand 
the data range, the two-factor interaction experiment was 
conducted by artificially controlling CO2 concentration 
and light intensity.  The 6400-01 CO2-injector system 
(LI-6400XT portable photosynthesis system accessory) 
was used to control CO2 concentration, which was set to 
400, 600, 800, 1000, 1300, 1500, and 1700 µmol/mol.  
The 6400-02B red/blue LED light source (light source 
located on the leaves chamber of LI-6400XT portable 
photosynthesis system) was used to adjust light intensity, 
which was set to 1200, 900, 600, and 300 µmol/m2·s.  
The natural air temperature and humidity were 
maintained, i.e., 29.96°C-34.60°C and 15.96%-27.23% in 
the late seedling stage, 29.54°C-36.23°C and 25.45%- 
50.93% in the flowering stage, 30.91°C-36.41°C and 
17.37%-40.71% in the early fruiting stage, 500 mL/min 
air flow rate.  The measurements were obtained until the 
photosynthetic rate fluctuation was less than         
0.2 µmol/mol for stabilization and the stomatal 
conductance (Cond), intercellular CO2 concentration (Ci), 
and transpiration rate (Tr) were all greater than 0.  The 
CO2-photosynthetic rate curve was measured aiming to 
CO2 saturation points, of which the CO2 concentration 
gradient was set to 0, 20, 50, 100, 200, 400, 600, 800, 
1000, 1300, 1500, and 1700 µmol/mol.  To allow the 
leaves to adapt completely to the artificial environment, 

photosynthetic induction was performed under a light 
intensity of 900 µmol/m2·s and other natural 
environmental parameters prior to measurement; this 
process took nearly 15 min during summer[11,21].  To 
reduce internal system error, a matching operation that 
was to make equal CO2 concentration between reference 
chamber and sample chamber was needed for LI-6400XT 
when converting a measurement. 
2.3  Data analysis methods 

The improved PSO-SVM was employed to establish a 
photosynthesis prediction model by using the data 
collected from the above-described experiments 
performed during the entire growth stage of tomato.  To 
render the model accurate, the dataset was processed via 
ICA and then normalized prior to modeling. 
2.3.1  Data preprocessing 

The raw dataset measured using the environmental 
monitoring system had correlation and dependence.  
Data representing similar sample properties must be 
removed to avoid extensive calculation and model 
stability disturbance due to data redundancy.  
Furthermore, the implicative information of experimental 
data must be excavated to ensure the quality of the model.  
ICA is an appropriate method to solve the problems 
mentioned above prior to modeling[22].  

ICA is also an effective method to decompose blind 
signals.  The original variables can be decomposed into 
a plurality of mutually independent components (ICs) by 
calculating the high moments among decomposing 
components.  Equation (1) shows the basic statistical 
model of ICA: 

X = AS                  (1) 
where, X=(x1, x2,···xm) represents the m-dimension signals; 
X represents the environmental variables; S = (s1, s2, ···, sn) 
represents the mutually independent n-dimension 
independent component matrix; A is the m×n hybrid 
matrix[23].  The result of ICA is uncertain because both A 
and S are unknown.  A very popular approach in 
estimating the ICA is the maximum likelihood estimation, 
where in the cumulative distribution of S is assumed to 
obey the Sigmoid function.  The specific algorithm is 
shown in the reference section[24]. 

In order to eliminate the influence of the different  
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orders of magnitude and improve SVM training accuracy, 
the input and output variables of model need to be 
normalized according to Equation (2).  After processing, 
the data of minimum and maximum values were 
normalized to [−1, 1]. 

min

max min

( )
2 1

( )
−′ = × −
−

k
k

x x
x

x x
            (2) 

where, xmax and xmin represent the maximum and 
minimum values of each variable, respectively. 
2.3.2  Support vector machine regression 

The classical modeling method cannot meet the 
modeling requirement because the relationship between 
the environmental variables and photosynthetic rate is 
indeterminate and nonlinear.  SVM regression is well 
supported by mathematical theory and exhibits a simple 
structure, good generalization ability, and nonlinear 
modeling properties[14].  Therefore, SVM is a competent 
method for photosynthesis prediction modelling.  

The SVM exhibits a three-layered network structure 
(Figure 2) and is a machine learning method with 
multiple inputs and a single output. 

 
Figure 2  Architecture of SVM 

 

In Figure 2, {x1, x2,···, xl} and {y1, y2,···, yl} are 
respectively the input and output training groups, K(xi, x) 
(i =1, 2, ···, l) is the kernel function, α is the Lagrange 
multipliers, and f(x) is the decision function. For the data 
processing, MATLAB 2012a with SVM Toolbox was 
used.  Moreover, random training samples were used as 
input variables for SVM.  Some types of kernel function 
also exist, such as polynomial kernel function, RBF 
kernel function, and Sigmoid kernel function.  RBF was 
selected to realize the sample mapping from input space 
to high-dimensional feature space because RBF can 

process nonlinear problems effectively and less 
interference from the sample outliers[25].  The decision 
function was obtained in accordance with optimization 
theory. 

The evaluation indices of the SVM model include 
determination coefficient (R2), average relative error 
(ARE), mean absolute error (MAE), and root-mean-square 
error (RMSE). 
2.3.3  PSO algorithm 

SVM offers advantages in model prediction. However, 
no specific theory on parameter selection (penalty 
parameter of C and kernel function parameter of σ) in 
SVM studies and training affects the prediction accuracy 
and efficiency.  In this study, particle swarm 
optimization (PSO) was selected to optimize the 
parameters of the model.  The algorithm found the 
optimal solution of space through iterative optimization 
in the solution space.  The particles’ speed (v) and 
location (x) were calculated and updated by tracking two 
target values (individual extremum and global optimal 
solution), as shown in Equations (3) and (4): 

vij(t+1) = wv·vij(t)+c1·r1·[lij(t)–xij(t)]+c2·r2·[lgj(t)–xij(t)] 
     (3) 

xij(t+1) = xij(t) + vij(t +1)             (4) 
where, wv denotes the inertia weight that determines the 
impact of previous velocity; c1 and c2 represent learning 
factors; and r1 and r2 are independently uniformly 
distributed random variables with range [0,1]; i and j 
represent the number of particle and dimension, 
respectively; lij(t) represents the individual extremum 
component in the jth dimension; and lgj(t) is the global 
optimal solution in the tth iteration.  The algorithm will 
be terminated if the obtained optimal particle has met a 
certain objective function or has reached the maximum 
generation. 

In the PSO algorithm, decreasing nonlinear 
processing is conducted on the important parameter 
inertia weight wv to balance the global and local searching.  
Moreover, the learning factor (c1 and c2) affects the speed 
of particle optimization.  However, the initial values of 
wv, c1, and c2 must be manually set.  To avoid PSO from 
falling into the local optimum and to improve the 
convergence speed of late evolution and the performance 
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of the algorithm, improved inertia weight wv was 
calculated by using Equation (5) and c1 and c2 by using 

Equation (6): 

min max max
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where, tmax is the maximum generation; t is the current 
generation; and wmax and wmin represent the maximum 
and minimum inertia weights, respectively, i.e. w∈(wmin, 

wmax).  c1,ini and c1,fni represent the original and final 
values of learning c1, respectively; and c1,ini and c1,fni 
represent the original and final values of learning c1, 
respectively. 

3  Results and discussion 

The environmental parameters in the greenhouse were 
automatically measured using the WSN system.  The net 
photosynthetic rate of the tomato plants was obtained 
using the photosynthesis system.  The net photosynthetic 
rate matched the environmental parameters on the basis 
of the comparison of the time series and conversion units.  
3.1  ICA  

Environmental information, including CO2 
concentration, light intensity, air temperature, air 
humidity, substrate temperature, and moisture, 
significantly influenced leaf photosynthesis and crop 
growth.  Moreover, these parameters correlated with one 
another.  The correlation among these environmental 
parameters was analyzed using SPSS.  A significant 
correlation was found between air temperature and 
substrate temperature (R=0.53, p<0.01) as well as 
between air temperature and substrate moisture (R=–0.32, 
p<0.01).  Hence, the input variables included redundant 
information, which affected the prediction speed and 
efficiency of SVM.  The Fast ICA algorithm was used in 
extracting the independent component matrix to reduce 
redundancy and mine implicative information.  Six 
dimensions of environmental parameters were included in 
this experiment.  The number of ICs is ∈(2, 6) because 

the number of ICs is not more than the dimension number 

of the environmental parameters.  The ICs were used as 
input variables of the SVM-based prediction model to 
maximize the original information and improved the 
training speed, the number of ICs was increased gradually 
from 2 to 6 using the model input variables.  The model 
performance is shown in Figure 3.  

 
Figure 3  Prediction accuracy of the established model under 

varying IC numbers 
 

Figure 3 shows that RMSE gradually decreased as the 
number of ICs increased.  This result indicates that ICs 
decomposed from raw information could not accurately 
express sample information when the number of ICs is 
small, whereas ICs contain the complete sample 
information when the number of ICs gradually increases.  
When the number of ICs was five, the RMSE of the 
model fluctuated between 1.46 and 1.71.  Therefore, the 
five dimensions of ICs were used as the input variables of 
the model.  
3.2  Establishment of the photosynthesis prediction 
model  

Data were collected at the late seedling, full flowering, 
and early fruiting stages of tomato plants during CO2 
enrichment period.  The photosynthesis prediction 
model must be tested at the three growth stages because 
the photosynthetic rate of tomato leaves varies at these 
growth stages.  The dataset was randomly divided into 
the training and testing groups.  The training group was 
used to train the SVM, and the testing group was used to 
verify the effectiveness of the models.  A total of 481 
sample sets were collected in this experiment, of which 
362 were assigned to the training group and 119 were 
assigned to the testing group.  In the training group, 142 
sample sets were selected from the late seedling stage, 
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113 from the full flowering stage, and 107 from the early 
fruiting stage.  In the testing group, 47 sample sets were 
collected from the late seedling stage, 37 from the full 
flowering stage, and 35 from the early fruiting stage.  
PSO and its improved version were utilized to optimize 
and achieve the parameters (penalty parameter of C and 
kernel function parameter of σ) of SVM in the two 
prediction models.  The other necessary parameters of 
the algorithm are provided in Table 1.  

In the improved PSO-SVM model, the values of C 
and σ were 15.22 and 0.72, and the resulting 
performances R2, ARE, MAE, and RMSE of the training 
group were 0.96, 0.33, 1.51, and 1.30, respectively.  In 
the PSO-SVM model, the values of C and σ were 9.22 
and 1.45, and the resulting average performances were 
0.87, 0.54, 2.93, and 2.33, respectively.  The testing 

groups for the different growth stages were processed to 
verify the effectiveness of the established models.  
Figure 4 shows the comparison between the simulated 
and measured values obtained from testing using the 
original and improved PSO-SVM, respectively.  In 
addition, Table 2 shows the comparison results.  

 

Table 1  Values of the parameters involved in the algorithm 

 Improved PSO PSO 

Searching range of C (0.1, 1000) (0.1, 1000) 

Searching range of σ (1, 1000) (0.1, 1000) 

Maximum generation 200 200 

Particle population 20 20 

Learning factor c1 and c2 －－ 1.5, 1.7 

c1,ini and c1,fni 3.5, 0.3 －－ 

c2,ini and c2,fni 0.5, 3.0 －－ 

Inertia weight w －－ 1 

wmax and wmin 1.2, 0.1 －－ 
 

 
a. Late seedling stage b. Full flowering stage c. Early fruiting stage 

 

Figure 4  Prediction effects of the improved PSO-SVM and original PSO-SVM 
 

Table 2  Evaluation indices of the two models for various growth stages 

 
Improved PSO-SVM PSO-SVM 

Late seedling stage Full flowering stage Early fruiting stage Late seedling stage Full flowering stage Early fruiting stage

R2 0.96 0.96 0.94 0.89 0.87 0.86 

ARE/% 11 9 12 31 33 29 

RMSE/µmol·m-2·s-1 1.34 1.35 1.96 2.73 2.87 3.30 

MAE/µmol·m-2·s-1 1.09 1.20 1.58 2.20 2.36 2.60 
 

Table 2 shows that the R2 of the values between the 
simulated and observed datasets for the three growth 
stages were 0.96, 0.96, and 0.94 with the improved 
PSO-SVM and 0.89, 0.87 and 0.86 with the original 
PSO-SVM.  The results indicate that the improved 
PSO-SVM offers better performance in training and 
testing in terms of prediction accuracy and effects 
compared with the original PSO-SVM.  This prediction 
model also showed high determination coefficient and 

low error for the various growth stages, demonstrating 
that the improved PSO-SVM is an effective method in 
predicting photosynthetic rate at the entire growth stage 
of tomato. 
3.3  Application of the photosynthesis prediction 
model in CO2 concentration management 

The light intensity, which considerably changes from 
morning to night, was difficult to control artificially in the 
greenhouse.  However, this parameter significantly 
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affects the photosynthetic rate.  Researches had shown 
that the photosynthetic rate of tomato plants decreases 
under low-intensity light[26].  Moreover, photosynthesis 
is limited under CO2 starvation during the midday when 
the light intensity is very high[27,28].  Therefore, studies 
on the relationship between CO2 concentration and 
photosynthetic rate are highly necessary for CO2 
enrichment under varying light intensities.  Established 
photosynthesis prediction model showed that the 
maximum photosynthetic rate at varying light intensities 
can be obtained by changing the CO2 concentration under 
certain environmental conditions at the three growth 
stages.  The details are as follows.  
3.3.1  Prediction effect at the late seedling stage 

Figure 5 shows the relationship between CO2 
concentration and photosynthetic rate at the late seeding 
stage.  Table 4 presents detailed information on data sets.  
The environmental parameters in the different growth 
stages were set as Table 3. 

Figure 5 indicates that the maximum photosynthetic 
rate was achieved when the CO2 concentration reached 
1200 µmol/mol at 900 µmol/m2·s light intensity.  
Moreover, the CO2 concentration corresponding to the 
maximum photosynthetic rate was the optimal CO2 
concentration.  However, when the light intensities were 
1200 and 600 µmol/m2·s, the prediction result showed no 

obvious CO2 saturation point.  Table 4 shows the data 
used to generate Figure 5.  

 
Figure 5  Relationship between CO2 concentration and 

photosynthetic rate under varying light intensities at the late 
seedling stage 

 

Table 3  Environmental variables in various growth stages 

 Late seedling 
stage 

Full flowering 
stage 

Early fruiting 
stage 

Air temperature/°C 32.74 33.30 31.47 

Air humidity/% 30.38 34.12 38.25 

Substrate temperature/°C 23.59 22.73 27.10 

Substrate moisture/% 28.19 38.63 34.30 

Light intensity/µmol·m-2·s-1 600, 900, 1200 

CO2 concentration 
/µmol·mol-1 

0, 50, 100, 150, 200, 250, 300, 350, 400, ….. 
1500, 1550, 1600, 1650, 1700 

Note: CO2 concentration changed from 0 to 1700 µmol/mol, and the interval was 
set to 50 µmol/mol. 

 

 

Table 4  Photosynthetic rate prediction values of improved PSO-SVM model in the late seedling stage 

Light intensity 
/µmol·m-2·s-1 

CO2 concentration gradient/µmol·mol−1 

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850

600 –0.35 0.65 1.58 2.43 3.22 3.93 4.59 5.19 5.76 6.29 6.81 7.33 7.85 8.38 8.95 9.54 10.17 10.83

900 –0.76 0.07 0.98 1.98 3.06 4.19 5.37 6.57 7.79 9.00 10.20 11.37 12.49 13.54 14.53 15.44 16.27 17.00

1200 –1.57 0.11 1.69 3.17 4.54 5.79 6.92 7.93 8.84 9.65 10.37 11.01 11.59 12.12 12.61 13.08 13.54 13.99

 900 950 1000 1050 1100 1150 1200 1250 1300 1350 1400 1450 1500 1550 1600 1650 1700  

600 11.53 12.26 13.00 13.76 14.51 15.24 15.94 16.60 17.20 17.72 18.15 18.49 18.72 18.83 18.84 18.72 18.50  

900 17.63 18.17 18.62 18.97 19.24 19.43 19.54 19.59 19.58 19.53 19.43 19.31 19.16 19.00 18.83 18.66 18.48  

1200 14.45 14.91 15.38 15.86 16.34 16.83 17.30 17.76 18.19 18.58 18.93 19.22 19.46 19.62 19.71 19.73 19.67  
 

3.3.2  Prediction effect at the full flowering stage 
Figure 6 shows the prediction relationship curve at the 

full flowering stage, and the detail information is shown 
in Table 5.  The parameters were settings as shown in 
Table 3.  Figure 6 also shows that the photosynthetic 
rate gradually became saturated with increasing CO2 
concentration.  In addition, the maximum photosynthetic 
rates were 17.57 µmol/m2·s, 23.17 µmol/m2·s, and  

25.51 µmol/m2·s under light intensities of 600 µmol/m2·s, 
900 µmol/m2·s, and 1200 µmol/m2·s, respectively.  
When the light intensity changed from 600 µmol/m2·s to 
1200 µmol/m2·s, the photosynthetic rate increased under 
the same CO2 concentration, and the CO2 concentration 
saturation point shifted backward.  This phenomenon 
shows that the photosynthetic ability of tomato leaf was 
strong  in  this  period.  Table 5  shows  the  data  used  to  
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generate Figure 6. 
3.3.3  Prediction effect at the early fruiting stage 

Figure 7 shows the prediction relationship curve at the 
early fruiting stage, and the detail information is shown in 
Table 6.  The environment parameters are shown in 
Table 3.  Figure 7 shows that the photosynthetic rate 
was lower at 1200 µmol/m2·s than at 900 µmol/m2·s light 
intensity.  This result may be ascribed to the aging of the 

tomato leaf and the reduction in light saturation point.  
The maximum photosynthetic rate was achieved when 
CO2 concentration reached 1100 µmol/mol at a light 
intensity of 900 µmol/m2·s.  The photosynthetic rate did 
not reach its saturation point when the light intensity was 
only 600 µmol/m2·s.  Table 6 shows the data used to 
generate Figure 7. 

 

 
Figure 6  Relationship between CO2 concentration and 

photosynthetic rate under varying light intensities at the full 
flowering stage 

 
Figure 7  Relationship between CO2 concentration and 

photosynthetic rate under varying light intensities at the early 
fruiting stage 

 

Table 5  Photosynthetic rate prediction values of improved PSO-SVM model in the full flowering stage 

Light intensity 
/µmol·m-2·s-1 

CO2 concentration gradient/µmol·mol−1 

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850

600 –0.29 0.99 2.24 3.43 4.57 5.65 6.66 7.60 8.48 9.30 10.06 10.76 11.42 12.04 12.63 13.19 13.73 14.24

900 –0.21 1.47 3.11 4.70 6.23 7.69 9.06 10.35 11.55 12.66 13.69 14.64 15.51 16.33 17.08 17.79 18.45 19.07

1200 0.70 2.59 4.44 6.22 7.92 9.53 11.03 12.42 13.69 14.85 15.91 16.86 17.71 18.48 19.17 19.80 20.37 20.91

 900 950 1000 1050 1100 1150 1200 1250 1300 1350 1400 1450 1501 1550 1600 1650 1701  

600 14.74 15.21 15.66 16.08 16.47 16.82 17.11 17.34 17.50 17.58 17.56 17.45 17.24 16.91 16.48 15.93 15.27  

900 19.66 20.21 20.73 21.22 21.67 22.08 22.43 22.73 22.96 23.11 23.18 23.15 23.03 22.80 22.46 22.00 21.44  

1200 21.41 21.89 22.34 22.78 23.21 23.61 24.00 24.36 24.68 24.97 25.20 25.38 25.48 25.51 25.46 25.31 25.06  
 
 

Table 6  Photosynthetic rate prediction values of improved PSO-SVM model in the early fruiting stage 

Light intensity 
/µmol·m-2·s-1 

CO2 concentration gradient/µmol·mol-1 

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850

600 –1.15 0.03 1.24 2.46 3.68 4.89 6.09 7.25 8.38 9.46 10.50 11.48 12.40 13.26 14.06 14.80 15.48 16.10

900 –0.14 1.25 2.71 4.23 5.77 7.34 8.91 10.47 11.99 13.46 14.88 16.21 17.46 18.62 19.67 20.61 21.44 22.15

1200 –0.36 1.16 2.73 4.32 5.93 7.53 9.10 10.63 12.10 13.49 14.80 16.00 17.10 18.08 18.95 19.69 20.30 20.80

 900 950 1000 1050 1100 1150 1200 1250 1300 1350 1400 1450 1500 1550 1600 1650 1700  

600 16.66 17.18 17.65 18.08 18.47 18.82 19.15 19.45 19.74 20.00 20.24 20.47 20.69 20.89 21.07 21.23 21.37  

900 22.75 23.25 23.64 23.94 24.14 24.26 24.32 24.31 24.25 24.15 24.01 23.86 23.68 23.50 23.31 23.12 22.93  

1200 21.18 21.46 21.63 21.71 21.70 21.63 21.50 21.32 21.09 20.85 20.58 20.30 20.02 19.74 19.47 19.21 18.97  
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In summary, the photosynthesis prediction model can 
basically predict the photosynthetic rate at the entire 
growth stage of tomato.  Under specified conditions, the 
model can determine the relationship between CO2 
concentration and photosynthetic rate and make the 
appropriate application of CO2 enrichment possible to 
ensure the enhancement of plant growth.  

Furthermore, the experimental results only reflected 
the short-term response of the plant to CO2 concentration 
in daylight.  Long-term studies are thus necessary to 
evaluate whether or not CO2 enrichment consistently 
promotes photosynthesis.  Other environmental 
variables and physiological parameters, such as air 
temperature, substrate moisture, chlorophyll content, and 
stomatal conductance, also exerted important effects on 
photosynthesis in tomato plants.  Further experiments 
are needed to elucidate the reciprocal interaction 
influence of CO2 enrichment and other key factors.  

4  Conclusions 

This study determined and analyzed the 
photosynthetic rate of tomato plants at three growth 
stages.  An environment monitoring system was built to 
measure environmental information automatically.  The 
photosynthetic rate was obtained using the LI-6400XT 
portable photosynthesis system.  The photosynthesis 
prediction models of the entire growth stage of tomato 
were established using PSO-SVM and its improved 
version.  The conclusions are as follows:  

1) Environmental parameters were processed using 
the ICA method to reduce redundancy and to identify the 
implicative information of input variables.  Five 
independent input variables that can improve prediction 
accuracy and efficiency were obtained for the model.  

2) An improved PSO algorithm was applied to 
optimize the SVM parameters, which improved the 
original PSO from the aspect of nonlinear processing of 
learning factors and inertia weight.  The improved 
PSO-SVM model was evaluated using the testing group 
with addition samples in different growth stages, and then 
compared this model with the PSO-SVM model.  The 
simulation results showed that the improved PSO-SVM 
method can achieve high prediction accuracy at the three 

growth stages and that the model can adequately predict 
photosynthetic rate. 

3) The relationship between CO2 concentration and 
photosynthetic rate was analyzed to ensure that a proper 
amount of CO2 is provided to the tomato plants under 
varying light intensities at the three growth stages.  The 
photosynthetic rate significantly increased and then 
peaked with increasing CO2 concentration.  When the 
light intensity changed from 600 µmol/m2·s to 1200 
µmol/m2·s, the relationship between CO2 and 
photosynthetic rate was changed, the photosynthetic rate 
changed from low to high, and the CO2 saturation points 
shifted.  Therefore, the model is useful in CO2 
enrichment under greenhouse conditions.  
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