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State observer is an essential component in computerized control loops for

greenhouse-crop systems. However, the current accomplishments of observer

modeling for greenhouse-crop systems mainly focus on mass/energy balance, ignoring

physiological responses of crops. As a result, state observers for crop physiological

responses are rarely developed, and control operations are typically made based on

experience rather than actual crop requirements. In addition, existing observer models

require a large number of parameters, leading to heavy computational load and poor

application feasibility. To address these problems, we present a new state observer

modeling strategy that takes both environmental information and crop physiological

responses into consideration during the observer modeling process. Using greenhouse

cucumber seedlings as an instance, we sample 10 physiological parameters of cucumber

seedlings at different time point during the exponential growth stage, and employ them

to build growth state observers together with 8 environmental parameters. Support

vector machine (SVM) acts as the mathematical tool for observer modeling. Canonical

correlation analysis (CCA) is used to select the dominant environmental and physiological

parameters in the modeling process. With the dominant parameters, simplified observer

models are built and tested. We conduct contrast experiments with different input

parameter combinations on simplified and un-simplified observers. Experimental results

indicate that physiological information can improve the prediction accuracies of the

growth state observers. Furthermore, the simplified observer models can give equivalent

or even better performance than the un-simplified ones, which verifies the feasibility

of CCA. The current study can enable state observers to reflect crop requirements

and make them feasible for applications with simplified shapes, which is significant for

developing intelligent greenhouse control systems for modern greenhouse production.

Keywords: crop physiological information, state observer, greenhouse, cucumber seeding growth, canonical

correlation analysis, support vector machine

INTRODUCTION

Greenhouse has been widely believed to be a powerful cultivation facility in large regions of the
world. With its year-round running capability, greenhouse can greatly extend the productivity of
farmland. Inner climate control is the key factor that endows greenhouse with the year-round
running feature. It can serve the plants with optimal growth conditions while maximizing the
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FIGURE 3 | CCA concerned CL bars for (P2, G1), (P3, G2), and (P4, G3). For (P2, G1) and (P4, G3), the first three pairs of CCV are concerned by CCA, so we have 3

bars for each parameter in the first and third rows of sub-figures. For (P3, G2), two pairs of CCV are concerned by CCA, so we have 2 bars for each parameter in the

second row of sub-figures. Taking the sub-figure (B) CL of group (P3, G2)—CL for P3 (the sub-figure on the left of the second row) for example, none of p9’s bar

reaches the dash line, we conclude that the physiological parameter p9 (Tr) in P3 has no/weak correlation with growth parameters in G2. Following the same rule, we

can infer that p9 in P4 also has no/weak correlation with growth parameters in G3. All growth parameters in G1, G2, and G3 have correlation with physiological

parameters.

trained and tested: P2 for predicting G1, P3 for predicting G2,
P4 for predicting G3, P1 for predicting G3, P2 for predicting
G3, P3 for predicting G3, P3_8D_6_9 (P38 in Figure 5B) for
predicting G2, and P4_9D_9 (P49 in Figure 5B) for predicting
G3. Here, the first 3 models are used to show the performance
of physiological parameters for reflecting current cucumber

seedling growth states. The fourth to sixth models are used
to show performance of physiological parameters in different
stages for predicting final cucumber seedling growth states.
The last 2 models are used to show the performance of the
simplified physiological parameter combinations for reflecting
current cucumber seedling growth states. When environmental
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FIGURE 4 | CCA concerned CL bars for (P1, G3), (P2, G3), and (P3, G3). For (P1, G3), (P2, G3), and (P3, G3), as the first three pairs of CCV are concerned by CCA,

we have 3 bars for each parameter in all sub-figures. For each parameter, if one bar reaches the red dash line, we conclude that the corresponding parameter has

correlations with the other parameter set in the CCA. Taking the sub-figure (A) CL of group (P1, G3)—CL for P1 (the sub-figure on the left of the first row) for example,

none of p10’s bar reaches the dash line, we conclude that the physiological parameter p10 (VpdL) in P1 has no/weak correlation with growth parameters in G3.

Following the same rule, we can infer that p10 (VpdL) in P2 and p9 (Tr) in P3 also has no/weak correlation with growth parameters in G3. All growth parameters in G3

have correlation with physiological parameters.

and physiological parameters are both employed to predict
growth parameters, another 6 SVM models are trained and
tested: E_8D plus P2 (E+P2 in Figure 5C) for predicting G1,
E_8D plus P3 (E+P3 in Figure 5C) for predicting G2, E_8D
plus P4 (E+P4 in Figure 5C) for predicting G3, E_6D plus
P3_8D_6_9 (E6+P38 in Figure 5C) for predicting G2, E_6D

plus P3_8D_9_10 (E6+P38 in Figure 5C) for predicting G3, and
E_6D plus P4_9D_9 (E6+P49 in Figure 5C) for predicting G3.
Here, the first 3 models are used to show the performances of
the complete parameter combinations for predicting cucumber
seedling growth states. The last 3 models are used to show
the performance of the simplified parameter combinations for
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FIGURE 5 | Testing results for SVM modes with RBF core. The height of a bar stands for the prediction success rate of a SVM model. In (A) for Height and Leaf_Area,

there are 6 bars. The first three bars stand for the success rates of the simplified environmental parameter combinations for predicting the growth parameters in 3

different growth stage—(0∼3 days, 4∼6 days, and 7∼9 days). The last three bars stand for the success rates of the complete environmental parameter combinations

for predicting the growth parameters in the final growth stage—(7∼9 days). For Fresh_Weight and Dry_Weight, there are 2 bars, one for the success rates of the

simplified environmental parameter combination, the other for the success rates of the complete environmental parameter combination. In (B) there are 8 bars for

each growth parameter. The first three bars stand for the success rates of predicting the growth parameters of different stages with the physiological parameter

combinations sampled at the same stage. The fourth to sixth bars stand for the success rates of predicting the growth parameters of the final stage with the

physiological parameter combinations sampled at different stages. The last two bars stand for the success rates of predicting the growth parameters of different

stages with the simplified physiological parameter combinations sampled at the same stage. In (C) there are 6 bars for each growth parameter. The first three bars

stand for the success rates of predicting the growth parameters with the complete environmental and physiological parameter combinations. The last three bars stand

for the success rates of predicting the growth parameters with the simplified environmental and physiological parameter combinations.

FIGURE 6 | Testing results for SVM modes with linear core. Here, all the SVM models share the same input and output parameter sets as those in Figure 5. Only the

core function of the SVM model is changed to linear core. In (A) for Height and Leaf_Area, there are 6 bars, respectively. The first three bars show the predicting

results using the simplified environmental parameter sets as inputs. The last three bars show the results of the complete environmental parameter sets. For

Fresh_Weight and Dry_Weight, there are 2 bars, respectively: one for the simplified environmental parameter combination, the other for the complete environmental

parameter combination. In (B) there are 8 bars for each growth parameter: the first three for predicting current growth states, the fourth to sixth for predicting the final

growth state, and the last two for predicting with the simplified physiological parameter combinations. In (C) there are 6 bars for each growth parameter: The first three

for predicting with the complete environmental and physiological parameter combinations, the last three for predicting with the simplified environmental and

physiological parameter combinations.

predicting cucumber seeding growth states. In the following part
for SVM with linear core and SVM with RBF core plus auto
training and cross validation, we use the same environmental,
physiological and environmental plus physiological parameter
combination strategies.

From the prediction success rate of SVM models with
RBF core, we conclude that: first, the model performance
suffers from dramatic undulation when only environmental
parameters are used as the inputs for predicting Height and
Leaf_Area, and the prediction accuracy ranges from lower than
50% to higher than 90%; second, the prediction accuracies on

Height and Leaf_Area show a rising trend from early stage
to late stage of cucumber seedling growth, which implies the
influences of environment parameters on crops require time to
exhibit their effects; third, the model performance is not good
when only physiological parameters are used as the inputs for
predicting Height and Dry_Weight, and most model prediction
accuracies are around 50%; fourth, the model performance is
greatly improved when both environmental and physiological
parameters are used as the inputs, and all model prediction
accuracies are increased to around 90% and above; fifth, the
simplified parameter combinations yield worse performance
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FIGURE 7 | Testing results for SVM modes with RBF core plus auto train and cross validation. Here, all the SVM models share the same input and output parameter

sets as those in Figure 5. Only auto train and cross validation techniques are employed during the training process of SVM models with RBF core. In (A) for Height

and Leaf_Area, there are 6 bars, respectively. The first three bars show the predicting results using the simplified environmental parameter sets as inputs. The last

three bars show the results of the complete environmental parameter sets. For Fresh_Weight and Dry_Weight, there are 2 bars, respectively: one for the simplified

environmental parameter combination, the other for the complete environmental parameter combination. In (B) there are 8 bars for each growth parameter: the first

three for predicting current growth states, the fourth to sixth for predicting final growth state, and the last two for predicting with the simplified physiological parameter

combinations. In (C) there are 6 bars for each growth parameter: The first three for predicting with the complete environmental and physiological parameter

combinations, the last three for predicting with the simplified environmental and physiological parameter combinations.

than the complete parameter combinations unless both the
environmental and physiological parameters are used.

Testing Results for SVM Models with Linear Core
Figure 6 shows the testing results for SVM models with linear
core. Based on Figure 6, we conclude the following: first, SVM
models with linear core can give good and stable prediction
performance with success rates around 90% and above; second,
the prediction accuracies on Height and Leaf_Area show a rising
trend from early stage to late stage of cucumber seedling growth,
which implies the influences of environment and physiological
parameters on crops require time to exhibit their effects; third,
the prediction performance can be slightly improved when
physiological parameters are introduced in; fourth, the simplified
parameter combinations can bring similar growth estimations
compared with the complete parameter combinations, which
verifies the feasibility of the CCA results.

Testing Results for SVM Models with RBF Core Plus

Auto Train and Cross Validation
Figure 7 shows the testing results for SVM models with RBF
core plus auto train and cross validation. Based on Figure 7,
we conclude that: first, this modeling strategy can give even
better prediction performance than SVM models with linear
core, especially on the prediction for Dry_Weight; second,
the physiological parameters show their improving capabilities,
which further demonstrate the benefit of incorporating crop
physiological responses in the observer building process; third,
the feasibility of the CCA results is verified again by the similar
performance of the simplified and the complete parameter
combinations.

Comparison of Three Different Modeling Strategies
Figure 8 compares the results in Figures 5–7. For each growth
parameter, the SVM models are categorized into 9 groups:

3 SVM models strategies with 3 parameter combination
strategies. We denote linear core as “L,” RBF core as “R,”
RBF core with auto train and cross validation as “Rac,”
parameter combinations consisting of environmental parameters
as “e,” parameter combinations consisting of physiological
parameters as “p,” parameter combinations consisting of both
environmental and physiological parameters as “e+p.” For
example, the group marked with “R(e+p)” indicates the
prediction results of the SVM models with RBF core that
employs both environmental and physiological parameters as
inputs. For every group, we compute and show 3 bars:
the minimum success rate, the average success rate and
the maximum success rate of the group. From Figure 8,
we conclude the following: first, “L” and “Rac” are capable
modeling strategies for our applications, while “R” is not
good enough because the minimum success rate greatly differs
from the maximum success rate, and the average success
rate is not high; second, the overall performance of “Rac”
in the experiment is slightly better than those of “L”; third,
models containing physiological parameters usually deliver
better performance than those containing only environmental
parameters.

Figure 9 shows the average prediction success rates of
the simplified parameter combinations and the complete
parameter combinations for the group of “Rac(e+p).” From
Figure 9, we see that the average prediction accuracies of
the simplified and the complete parameter combinations
are equal for Leaf_Area and Fresh_Weight. The average
prediction accuracies of the simplified parameter combinations
are better than the complete parameter combinations
for Height and Dry_Weight. The results in Figure 9

clearly elaborate that using CCA results, we can simplify
parameter combinations for observer models to improve the
computational efficiency and feasibility, without reducing
observer accuracy.

Frontiers in Plant Science | www.frontiersin.org 13 August 2017 | Volume 8 | Article 1297

http://www.frontiersin.org/Plant_Science
http://www.frontiersin.org
http://www.frontiersin.org/Plant_Science/archive


Qiu et al. Physiological Observer for Greenhouse Seedling

FIGURE 8 | Comparison of three different modeling strategies for 4 growth parameters. The prediction accuracies of different SVM modeling strategies with different

input parameter combinations are shown here. We have 3 SVM modeling strategies: SVM with linear core, SVM with RBF core, SVM with RBF core plus auto train

and cross validation. Also, we have 3 kinds of input parameter combinations: combinations with only environmental parameters, combinations with only physiological

parameters, combinations with both environmental and physiological parameters. As a result, we have 3 × 3 = 9 sets of bars for each sub-figure of growth parameter.

For each set, we have 3 bars: the minimum success rate, the average success rate, the maximum success rate. To simplify the expressions, we denote linear core as

“L,” RBF core as “R,” RBF core with auto train and cross validation as “Rac,” combinations with only environmental parameters as “e,” combinations with only

physiological parameters as “p,” combinations with both environmental and physiological parameters as “e+p.” For example, the bar set marked with “Rac(e+p)”

shows the prediction accuracy results of the SVM model with RBF core plus auto train and cross validation, whose input parameters consist of both environmental

and physiological parameters.

DISCUSSIONS

In this study, we have proposed a new state observer
modeling strategy for greenhouse cucumber seedling growth.
Our strategy integrates crop physiological information to the
modeling process. Using physiological information to improve
the inner greenhouse microclimate control is not a new
idea. A similar concept named with “Speaking Plant” was
presented in 1978 (Udink ten Cate et al., 1978), hoping
that control systems could act according to plants’ actual
requirements. However, due to the limitation in sensing

technologies, “Speaking Plant” mainly focused on obtaining
physiological information through mathematical derivations.
Van Pee and Berckmans built a mathematical model to
describe the relationships between physiological parameters
and environmental parameters, and employed the model to
support the online greenhouse microclimate control (Van
Pee and Berckmans, 1998). The physiological parameters in
the model were photosynthesis and water potential, and the
environmental parameters in the model were CO2 concentration
and lighting intensity. González-Real and Baille tried to simulate
feedbacks of a greenhouse rose crop in the greenhouse control
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loop, by combining a physiological sub-model together with
a physical sub-model. The physiological sub-model contained
3 physiological parameters, including net CO2 assimilation,
stomatal conductance and transpiration (González-Real and
Baille, 2001). As mathematical models stand on the basis of
mass/energy transfer equations, they have innate drawbacks on
elaborating plants’ responses with high accuracy and frequency.
By using chlorophyll fluorescence analysis as the physiological
sensing tool, our new strategy can give growth state prediction
accuracies as high as 90% (Figures 6, 7).

With the development of sensing technologies, chlorophyll
fluorescence analysis was developed to monitor the health
condition of greenhouse tomato seedlings. It has been reported

FIGURE 9 | Comparison of the simplified and the complete parameter

combinations for the group of “Rac(e+p).”

that visible symptom of physiological dysfunction can detected
in the early stage (Takayama et al., 2011a). Also, unhealthy
seedlings can be found in the early stage under drought
stress (Takayama et al., 2011b). Induction curve, which is
generated with the chlorophyll fluorescence intensity changing
over time, is the key for dysfunction detection. In our strategy,
we take 10 physiological parameters under consideration,
including net photosynthesis rate (Pn), stomatal conductance
(Cond), intercellular CO2 concentration (Ci), efficiency of
excitation capture by open PSII center (Fv′/Fm′), quantum
efficiency of PSII (PhiPS2), quantum efficiency of CO2 fixation
(PhiCO2), photochemical quenching coefficient (qP), electron
transport rate (ETR), transpiration rate (Tr), and vapor pressure
deficit at the leaf temperature (VpdL). We believe that more
parameters lead to a more comprehensive view of crop
responses.

Recently, machine learning technologies appear in the
modeling of crop physiological responses. Moriyuki and Fukuda
employed neural network to predict the growth state of lettuce
seedlings. They took chlorophyll fluorescent intensity, leaf area
and circadian rhythms as the inputs for the neural network,
and average fresh weight as the output (Moriyuki and Fukuda,
2016). However, as the prediction accuracy was not reported,
we cannot compare directly with the neural network model.
The prediction accuracy of a neural network strongly depends
on the size of the training set. Typically, a satisfying accuracy
requires a large training set. Compared with neural network,
SVM has distinguishing advantages on handling small sample
size problems, nonlinear classification/prediction problems and
high dimensional classification/prediction problems. It takes
both empirical risk and confidence risk under consideration,
compromises betweenmodel complexity (learning accuracy) and
learning capability (the capability of handling noise, outliers,
etc.), and tries to carry out structural risk minimization for
classification/prediction tasks. SVM in the current strategy does

FIGURE 10 | Flow chart for the observer modeling process. Even though we have quite good results using CCA and SVM, we believe that the strategy can be further

improved if we use Kernel CCA (KCCA) and SVM. This is because CCA is limited by its linear natural instincts whereas KCCA (Akahu, 2001) is capable for analyzing

data coming from nonlinear systems.
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not need a large training set, which makes our strategy feasible
for application. Also, our strategy takes 4 growth parameters
into consideration, and feeds more information back to the
controller than the previous work (Moriyuki and Fukuda,
2016).

Although we use cucumber seedlings as an instance, the
proposed observer modeling strategy can be applied to other
seedlings as a universal strategy. The strategy consists of 4
steps: (1) Carrying out the data acquisition tasks following
the instructions in Section Data Acquisition. Note that, the
setting of environmental parameters and sub-experiments should
be altered according to practical situations; (2) Canonical
Correlation Analysis is launched to reveal the correlations of
(environmental, growth) and (physiological, growth) parameter
pairs. Based on the CCA results, several parameter combinations
are chosen as feature vector candidates for building SVM
models. In this step, all the feature vectors are formed by
parameters coming from the same category: environmental or
physiological; (3) An SVM model is trained for each (feature
vector, growth parameter) pair. If there are m feature vectors
and n growth parameters, we will have m × n SVM models.
The modeling strategy with RBF kernel plus auto train and cross
validation will be used for all SVM models. The testing results
will illustrate the top ranked combinations for environmental
and physiological parameters, respectively; (4) Several combined
feature vectors are formed to obtain new SVM models. A
combined feature vector contains a top ranked environmental
combination and a top ranked physiological combination. If
there are r combined feature vectors, we will have r × n
new SVM models. For each growth parameter, we have m+ r
SVM models. Among them, the one with the best testing
performance will be chosen as the final model. The flow
chart for the whole observer modeling process is shown in
Figure 10.

After the observer is obtained, we can add it together with a
chlorophyll fluorescent sensor into the greenhouse microclimate
control loop.
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