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Abstract—The profit of greenhouse production is influenced by
management activities (e.g., environmental control and plantation
scheduling) as well as social conditions (e.g., price fluctuation).
In China, the prevailing horticultural facility is the traditional
solar greenhouse. The key existing problem is the lack of knowledge of growers, which in turn leads to inefficient management,
low production, or unsalable products. To secure effective greenhouse management, the production planning system must account
for the crop growing environment, grower’s activities, and the
market. This paper presents an agricultural cyber-physical-social
system (CPSS) serving agricultural production management, with
a case study on the solar greenhouse. The system inputs are
derived from social and physical sensors, with the former collecting the price of agricultural products in a wholesale market,
and the latter collecting the necessary environmental data in
the solar greenhouse. Decision support for the cropping plan is
provided by the artificial system, computational experiment, and
parallel execution-based method, with description intelligence for
estimating the crop development and harvest time, prediction
intelligence for optimizing the planting time and area according to the expected targets (stable production or maximum gross
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profit), and prescription intelligence for online system training.
The presented system fits the current technical and economic
situation of horticulture in China. The application of agricultural
CPSS could decrease waste in labor or fertilizer and support
sustainable agricultural production.
Index Terms—Big data, cropping plan, greenhouse management, Internet of Things (IoT), modeling plant development
and growth, nonlinear programming, smart agriculture, solar
greenhouse, tomato.

I. I NTRODUCTION
HE RAPIDLY updating and massive applications
of information communications technology (ICT) are
impacting the production mode of agriculture. Traditionally,
production, logistics, and sale processes were implemented
sequentially and independently, with clear boundaries. In the
age of the Internet and Big Data, these processes are becoming interlinked with information flow among them, with each
being a component of an agricultural chain system. Data play
an important role, including not only the management log
data and the environmental data during the production process [1] but also market and social information that reflect
the balance between product demand and supply. The impact
established by big data is being paid great attention in different
countries [2].
In China, the farming organization is experiencing a huge
reform. The central government has set up a series of policies
that support the development of modern agriculture, including
supply side reform, the separation of three rights (ownership,
management, and contraction) in rural land. These policies
are stimulating the scaled agricultural production. In the past,
the unit of production was mostly at the farmer family level,
which occupies limited planting area, whereas in recent years,
the gathering of small pieces of land into a scaled farm has
become a trend. With the expanding farming scale, personal
experience is no more sufficient for controlling management
risk, and decisions should be made with more caution to obtain
products with not only good quality but also good profit.
Trans-regional and even trans-national sales of agricultural
products have already become popular. For example, tomatoes
produced in Spain are sold to North Europe, potatoes produced
in North China are sold to the South, and conservable products
such as corn circulate at a global level. Therefore, growers
care about the market-related information in the target area
to estimate the gross profit. Thanks to the rich information
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Fig. 1.
Photographs of a single-slope solar greenhouse. (a) Exterior,
(b) interior, (c) upper side of the double-arch solar greenhouse, and (d) a group
of solar greenhouses. Photographs are from the literature of Gao et al. [7].

provided by the Internet, daily prices can be collected with
a Web-crawling technique [3]. Convenient logistics and information dissemination place a greater demand on agricultural
production management: growers need to not only produce
products with good quality but also be able to plan the planting well according to the market need. However, speculative
movements and the lack of information [4] are hurting the
profit of farmers and customers [5]. In China, typical cases
include the strong fluctuation in the price of ginger [6].
While in western countries the glass greenhouses are widely
used, the prevailing greenhouses in China are the solar greenhouses (Fig. 1), accounting for approximately 14 millions in
2016. They are featured by low construction and management costs, and the wisdom of conserving the solar heat with
thick walls in the day time for cold nights in regions between
latitude 32◦ N and 43◦ N. Being energy-efficient, solar greenhouses have become the most important type of infrastructure
for growing horticultural crops in China [7]. With the scaled
production [as seen in Fig. 1(d)], challenges in solar greenhouse management lie in the insufficient technical support
guiding production management (such as the dates of planting,
irrigation, and fertilization) and limited knowledge for meeting market requirements. Since horticultural products such as
tomatoes and cucumbers are difficult to be preserved, a good
yield does not necessarily mean good profit. The information asymmetry (between market and growers) and the lack
of knowledge in turn lead to soil pollution, unsalable products, and economic loss. The challenge to the new generation
of farmers is how to react swiftly to the market and environment by making effective management decisions, which
require multidisciplinary knowledge.
In industry, the term cyber-physical systems (CPSs) have
been coined to describe the tight conjoining and coordination
between computational (or cyber) and physical resources—that
is, systems that feature a tight integration between computation, communication, and control in their operations and
interactions, leading to a so-called intelligent enterprise [8].
For greenhouse production, preliminary CPS has been applied:
the greenhouse ventilation facilities can be controlled automatically through sensing the greenhouse environment and
intelligent computation [9]. In China, the wide coverage of

communication infrastructures in the countryside provides the
conditions for the application of ICT technologies [Internet of
Things (IoT), cloud computing, etc.]. However, most agricultural IoT systems simply collect environmental data without
sufficient data analysis or decision support, and their values
require further investigation.
Analyzing and predicting the effects of the environment
on crop growth is the task of crop growth models. Crop
growth is decided jointly based on the genetic background and
environmental conditions; the latter is influenced by human
management. To meet the market need, customer information
must also be taken into consideration. In the other domain,
due to the profound impact of human behavior, with a human
and social dimension in CPS, the human and social dynamics have been considered as an integral part of an effective
CPS design and operation, leading to the concept of cyberphysical-social-systems (CPSSs) [8], [10]. The necessity lies
in the observation that the choices of human beings (including customers and growers) affect the behavior of the system.
For example, if many growers choose not to grow ginger, the
price of ginger may escalate, which in turn changes the price
curve and farmers’ choice. It is very common in the countryside that a farmer decides what to plant according to the
neighbor’s field, similar to a driver’s behavior in traffic. Such
a system, the behavior of which cannot be analytically defined
by an equation, is named the Merton system [11] and requires
big data to support online decisions.
This paper presents an agricultural CPSS serving agricultural production management, with a case study of the
solar greenhouse. This paper is organized as follows. The
frame of CPSS for agriculture is defined, with the artificial system, computational experiment, and parallel execution
(ACP)-based method for online decision support (Section II).
A case study on the Chinese solar greenhouse (Section III) is
provided for planting scheduling, aiming at constant production for contracted agriculture, or maximum gross profit. The
results obtained for the collected information, data analysis,
and optimization, are presented in Section IV. The discussion and conclusion are presented in Sections V and VI,
respectively.
II. S YSTEM F RAME
An agricultural CPSS generally contains not only physical information concerning the environment and the crop, but
also social information, such as the grower’s experience and
behavior, public opinion and habits, holiday schedules, etc.
The system frame is shown in Fig. 2.
The physical world, including the crops, their environment
and the control devices, is mapped to the cyber space (i.e.,
through various IoT facilities). The mental world includes the
experience and knowledge of growers, as well as the preferences of customers, whose information is mapped through a
management log system, including the timing, amount, and
approach of applying fertilizers and other inputs (about growers), or through Web-crawlers, including the product price and
preferences (of consumers). The artificial world, as a product
of human’s spiritual activities, includes the crop models and
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III. C ASE S TUDY ON CPSS FOR
THE S OLAR G REENHOUSE
The complexity of a CPSS can be chosen and tailored,
according to the aim. Below we present the components of
an agricultural CPSS designed for the management of a solar
greenhouse. Because of the low environmental controllability
of the solar greenhouse, the focus is on the cropping plan
based on social and physical information. The importance of
the cropping plan is similar to a business plan for growers,
which could be very tedious work for a farm of a certain scale.
Fig. 2.

Frame of an agricultural CPSS.

A. Sensing

Fig. 3.

Parallel agricultural system.

decisions, which are expressed in cyberspace and influence the
physical world with control devices, the growers with decision support systems and the consumers with public opinion
induction.
To address an agricultural system that features uncertainty,
diversity, and complexity, the decision support process is modeled with a parallel agricultural system, which is composed of
an ACP [12], as shown in Fig. 3. An artificial agricultural
system is built by describing the dynamics of the actual one,
including the crop, environment and humans. Accordingly, an
artificial system is composed of the models in crop, environmental, human and market. Depending on how the description
is generated, two kinds of systems can be distinguished,
namely, the Newton system and the Merton system [11]. The
former has determined the output with the given input, while
the latter is composed of many individuals and the system
behavior is a result of emergence. The computational experiment can be performed by configuring different populations,
as well as using the optimization method as in the work. With
computational experiments, the artificial system can predict
and provide recommendations for the future. Prescription intelligence plays a role in parallel execution to provide online
decision support: since the actual situation is complex and does
not necessarily produce the predicted result, e.g., the growers
choose the planting date based on their intuitions, or the environmental prediction is biased, the decision support is to be
trained dynamically. The parallel execution (online calibration
and optimization) of the artificial and actual system provides
a prescription for the management and control of the actual
system, as well as a platform for learning and training.

1) Social Information: The price of vegetables is used as
an indicator of social information. The most direct and realistic information is the price of vegetables in wholesale markets.
Take for example the tomato from 2014 to 2017. The price
data for tomato were collected through Web-crawler in three
large cities (Xinfadi market, Beijing; PudongXinqu market,
Shanghai; and Baiyunshan market, Guangzhou). These cities
were chosen because they are typical consumption cities for
horticultural products. Beijing and Shanghai in particular are
two main target cities for Shandong province to sell horticultural products. Since 2015, daily prices for various products
have been recorded [13]. The price data for more than one year
were preferably collected to acquire historical information.
2) Physical Information: Physical information includes
those for the environment (inside and outside the solar greenhouse) and crop yield. Data were from Qingdao, with a
distance of approximately 170 km from Shouguang, a famous
production and logistics center for horticultural products.
Environmental Data: The local environmental conditions in
the greenhouse are obtained remotely based on IoT technologies. The air temperature, air humidity, and light intensity in a
solar greenhouse were collected over 15 months (from August
3, 2016 to September 15, 2017) as they have direct effects on
crop development, growth and diseases. The data were collected using the Pennellii-1 environmental monitoring system
(named after the oldest wild tomato species) developed by the
authors, uploaded to a cloud server every 15 min. Fig. 4 shows
the system terminals and structure. The device can be charged
either using the rechargeable battery or by a solar panel, so
that it can be easily installed even if no external power is supplied. The data transmission occurs through GPRS, which is
very easy to start and does not require the installation of a
Web cable. These choices are made according to the situation
of most solar greenhouses. Data can be viewed using a mobile
phone or PC.
To predict the environmental conditions based on the outdoor data, open field weather data were obtained from the
national meteorological department (from August 2016 to
September 2017), including daily daytime and night weather
conditions (sunny, cloudy, rainy, foggy or snowy), maximal
and minimal temperature, maximal day length and night wind
speed. Data for a full year are needed for model training and
prediction with different seasons.
Crop Data: The crop (tomato) data were collected in greenhouse in order to analyze the effect of environment on crop
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influencing factors. The crop phenology can be measured
by the physiological development time (PDT) [14], which
is the duration needed for a key developmental stage under
the optimal temperature and light conditions. The PDT is the
sum of the relative physiological development effectiveness
(RPDE), as
(a)

PDT = SUM(RPDE)

(b)

(c)
Fig. 4. IoT-based Pennellii-1 environmental monitoring system. (a) Device,
(b) App, and (c) system structure.

growth. The plantation duration was from November 2014 to
February 2015. Three plants were sampled (the weights of
the internodes, leaves and fruits were measured) each time (in
total five times) to record the plant growth and development.
B. Modeling and Description
1) Environmental Model: To predict crop behavior, the
future environment in the greenhouse must be predicted. The
national meteorological bureau provides historical data, which
can serve as a reference for the long-term prediction of
local climate estimations. Moreover, short-term (one week)
predictions are available, and some startups are even providing
climate prediction services on finer temporal and spatial scales,
using open remote sensing images and machine-learning methods. Inside solar greenhouses, the local environment is more
heterogeneous, depending on the greenhouse structure and
types of crops. The environmental conditions (light intensity and temperature) inside the greenhouse are predicted
from open-field data. This is feasible in the solar greenhouse
because heating is seldom used. Moreover, in a given area, the
same type of crop is often planted, which makes the internal
environmental conditions more homogeneous among greenhouses. A neural network was chosen to build the link between
indoor and outdoor conditions. The input is the open field
weather data, and the output is the average temperature in
the greenhouse. Tenfold cross-validation was used by dividing the training data into 10 groups. The mean and variance
of the prediction errors were calculated.
2) Crop Model: Crop models simulate two basic processes
of plants: 1) development and 2) growth. The importance
of developmental stage lies in its link to the nutritional
needs of the crop (timing of fertilization), occurrence of diseases (timing of spaying) and contracted agriculture (timing
of marketing). In contrast, the prediction of crop growth
(yield) plays a key role in estimating the quantity of fertilizer and the economic profit, especially for widely planted
and batched-harvested crops. Therefore, in agricultural CPSS,
the prediction of plant development and growth is important
for planning and management.
Development Model: Crop development is influenced by the
genetic factors and the environmental conditions. For the specific species, the temperature and photoperiod are the main

where the RPDE is computed according to
⎧
PDT ≤ GER
⎨ RTE(e)
RPDE = RTE(e) · RPE(e) GER < PDT ≤ FLO
⎩
RTE(e)
PDT > FLO

(1)

(2)

where RTE(e) is the relative thermal effectiveness, related to
the air temperature; RPE(e) is the relative photoperiod effectiveness, related to the light condition; e encompasses the
environmental variables, including light intensity and air temperature; GER is the PDT of the germination period; FLO is
the PDT from the seeding to flowering period. The values of
GER and FLO are two parameters to be adjusted.
Crop Growth Model: Many crop growth models have
been developed over past decades, including the processbased (mechanistic) model [15] and statistics-based black-box
model [16]. The choice on the spatial and temporal scale
depends on the purpose of the model, which will not to
be detailed here. In this paper, a knowledge-and-data-driven
model [17], [18] is used to compute the yield of tomato,
due to its features of considering plant growth mechanisms
with higher plasticity. The advantage of the model is that it
has fewer parameters to identify compared with the classical
process-based model; additionally, the tomato yield and the
biomass of leaves and stems can also be computed, which can
support data circulation in the agricultural economy.
The knowledge-and-data-driven modeling (KDDM) consists
of a knowledge-driven (KD) submodel and a data-driven (DD)
submodel, as
y = f (e, θ ) = fk (e, θk ) ⊕ fd (e, θd )

(3)

where e and y are the input and output variables of KDDM,
representing environmental conditions and yield, respectively;
f is a function for a complete model relationship between
e and y; fk and fd are the functions associated with the KD and
DD submodels, respectively; θ is the parameter vector of the
function f ; and θk and θd are parameters associated with the
functions fk and fd , respectively. The symbol “⊕” represents
a coupling operation between the two submodels, which is a
composition coupling operator herein.
In this paper, the DD submodel was the radial basis function
networks (RBFN) [17], which typically has three layers: 1) an
input layer; 2) a hidden layer with a nonlinear RBF activation
function; and 3) a linear output layer, as
E(e) = fd (e, θd ) = ϕ(e)θd

(4)

where E is the average potential biomass production; θd =
[w1 , . . . , wh ]T represents the weights of the network, h is
the number of neurons in the hidden layer, and ϕ(e) =
[ϕ1 (e), ϕ2 (e), . . . , ϕh (e)].
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The KD submodel was chosen as the GreenLab model,
which is a generic functional–structural plant model simulating the dynamics of plant organogenesis, biomass production
and allocation [19], expressed in a compact way as
y = fk (E(e), θk )

(5)

where y denotes the output of the KD model (e.g., the total
weights of tomato fruits). Parameter values of θd of the DD
submodel (i.e., RBFN) were obtained from [17]. Once the
model parameter θk was estimated based on the observed data,
given the environmental conditions e, the RBFN output (E)
directly affects the Greenlab model output.
C. Computational Experiments
1) Aiming at Stable Supply: Farms with a certain scale may
contract with a dedicated customer that has an estimate of
weekly and whole consumption, such as a chain fast food
restaurant. In that case, with the price already fixed, a stable
production to meet the requirement is the primary aim of management. This raises the need for a production arrangement to
achieve the best fit to this need.
In the cyber world, since the yield of a crop can be simulated, computational experiments can be conducted to optimize
the system behavior with a dedicated target. The aim of this
experiment is to fit best the needs of the contract by choosing
a suitable planting time and area (expressed as the number
of solar greenhouses, with each greenhouse in the same farm
usually occupying the same area).
This need can be expressed as an optimization problem as
in (6). Suppose T (kg) is the weekly tomato yield to be supplied to the client, and the grower owns N solar greenhouses.
If the cultivar is given and there is no water or nutritional
stress, the yield of tomato is dependent mainly on the indoor
environment, which is indirectly indicated by the planting date.
Let f (e, θ; xi ) be the tomato yield per plant (kg/plant), corresponding to the planting date xi (day) in the greenhouse i. To
simplify, let Dur be the growth duration (day) of tomato. For
plants grown on day xi , xi + Dur is the harvest time (suppose
the plants are harvested once, but the formula is extendable for
continuous harvest). The aim of optimization is to minimize
the variance of weekly production, as
⎛
⎞2
M


⎝
(6)
min
(g(e, θ; xi ) · d · S) − T ⎠
j=1

0≤tj −(xi +Dur<7)

subject to
g(e, θ; xi ) =
δ(xi )

1
0

f (e, θ; xi )
0

xi > 0
xi = 0

xi > 0
, i[1, N]
xi = 0

where d is the planting density (set to 3 plant/m2 ); S is
the planting area of a solar greenhouse (set to 1 mu, a
Chinese unit of area, 0.0667 hectares or 666 m2 ); M is the
expected duration in number of weeks that meet the balanced supply; tj is the day after planting in the jth week; and
yj = 0≤tj −(xi +Dur)<7 g(e, θ; xi ) · d · S) is the total harvested

Fig. 5.

Components of a CPSS for the solar greenhouse.

fruit yield in the jth week (kg). The sum n(x0 ) = xi =x0 δ(xi )
gives the number of solar greenhouses to be planted on day
x0 , the output information supporting the growers.
2) Aiming at Maximizing Gross Profit: In the case that the
product is sold to the wholesale market, instead of a contracted customer, the profit of the grower is then dependent on
whether the product is sold with a good price. Suppose there
are two growing seasons each year in the same greenhouse,
as is typical in Shandong province. With a given planting area
(total number of greenhouses, N), the optimization problem
is how to decide on the planting dates according to the product price and environmental information, to achieve the gross
profit maximization. The problem can be expressed as
max Px+Dur · Fx+Dur
subject to

(7)

⎧
⎨ D1 ≤ x ≤ D2
G1 ≤ Dur ≤ G2
⎩
x, Dur  N ∗

where x is the planting dates, to be decided. D1 and D2 are the
boundary dates for each growing season (Table I), known by
the experience; Dur is the duration of the growth season (day),
another variable that must be optimized, with a boundary of
G1 =84, G2 =126; and Fx+Dur is the yield (fresh weight, kg) of
tomato fruit planted on day x, and harvested on day x + Dur,
determined by the plant model: F = f (x, θ ). Correspondingly,
Px+Dur is the price of tomato fruit on day x + Dur in the
market (CNY/kg), currently taken from the average historical
wholesale price data.
The full flowchart for the above work is summarized
as in Fig. 5. The sensing level includes the physical and
social information, which are the input for the ACP-based
decision support, using description intelligence, prediction
intelligence, and prescription intelligence [20]. At the application level is the management system providing tools for
plantation scheduling or fertilization recommendations, similar
to the functions of resource planning system or manufacturing
execution system.
IV. R ESULTS
A. Tomato Price Collected by Web-Crawler
Fig. 6 shows the price of tomato over 2.5 years in three
large cities in China based on source data from websites of

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
6

Fig. 6. Collected price of tomato by Web-crawler from August 2015 to May
2017 in Beijing, Shanghai, and Guangzhou in China.
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Fig. 8. Predicted PDTs of flowering time in tomato according to the predicted
temperatures at days 5, 15, and 35.

For the prediction of indoor temperature based on the open
field, data from August 3, 2016 to September 7, 2016 (approximately one month) were used as the training set, which is
indicated by a red line. Data from September 8, 2016 to
September 15, 2017 (approximately one year) were used as
the testing sets (green dots). The results show that the trained
neural network can well predict the temperature inside the
greenhouse. During the process of cross-validation, we calculated the mean and standard deviation of the prediction errors,
which were 1.82 ◦ C and 1.54 ◦ C, respectively. This result
is very promising because temperature is one key factor in
predicting plant developmental stage.
C. Describing the Crop Developmental Stage
Fig. 7. Monitored outdoor maximal (solid) and minimal (dotted) temperatures
(black lines), as well as monitored (dotted) and predicted (solid) temperature
inside the greenhouse, for training (one month, red lines) and testing (one
year, green lines).

local wholesale markets. Interestingly, although these cities are
located in different places (from North to South), the pattern
of price variation was common: lowest in summer, increasing
from September (returning to school season), and reaching the
peak around spring festival (February 8, 2016 and January 28,
2017, respectively). The price in Beijing is obviously lower
than the other cities, partly because of its closer distance to
the large source area of tomato, mainly Shandong province.
These data are used as a reference to arrange the planting time.

B. Sensing and Describing Greenhouse Air Temperature
Fig. 7 shows the maximal and minimal temperatures outside the greenhouse (black solid and dotted lines, from the
local weather information station), the monitored daily average temperature inside the greenhouse (green dotted line, by
the IoT-based monitoring facility). It can be seen that even if
no heating system was used, the indoor temperature was much
more stable and higher than the outdoor temperature, especially in winter. The difference could reach as high as 20 ◦ C.
Although the outdoor temperature plummeted below zero, the
indoor temperature was always above 10 ◦ C, the approximate
base temperature for tomato growth.

Here, we take the prediction of the flowering stage as an
example, which is a key indicator for the timing of corresponding horticultural activities. The cumulative RPDE value
is computed for each day. It is computed based on the predicted indoor environmental data using past local climate data
as the input. With the real-time monitoring of the actual data,
the predicted phenology is updated according to the monitored
data.
Fig. 8 shows the daily cumulative RPDE value, predicted
(with lines) and actual (with dotted) values. The predicted
PDTs for the beginning of the flowering stage were 43, 45,
and 47 according to the predicted temperatures on day 5, 15,
and 35, respectively. The results indicate that the phenology
model can well predict the flowering time of tomato (the difference is 4 days), even with the high variation of environmental
conditions. This finding can explain why the experienced
farmer can predict phenology rather well. However, with
online prediction, a more precise prediction can be achieved
to support growers in arranging duties in the upcoming days.
D. Describing and Predicting the Crop Yield
Using a trained model [17] and having it trained again using
the data collected in 2014, total fruit fresh weights of tomato
plants were predicted for the different planting dates during
the years 2014–2016 (January 1, 2014 is designated day 1),
as in Fig. 9. Being the input of a crop model, the greenhouse
indoor environmental data were simulated from the open field
data using the environmental model. Two planting dates were
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Tomato yield prediction in the greenhouse (2014–2016).

simulated each year as in the solar greenhouse, as is generally the case: one in spring and another in summer. The yield
curves are different because the plant experienced different
environment conditions in solar greenhouses, as computed in
Fig. 7. Dots represent the observed data, and the solid lines
represent the predicted result. These descriptions are necessary
for evaluating yield with the given planting dates, and they
can be updated according to the collected yield data during
production.
E. Optimizing the Planting Date and Area to Achieve
Constant Supply
The weekly tomato yield (T) to be supplied is 20 000 kg,
according to an empirical data from an agricultural company in Qingdao. The aim of optimization is to maintain the
yield to be as stable as possible over 24 weeks continuously
(M = 24), corresponding to a contract of nearly six months
(from September 20, 2014 to February 22, 2015). The number of solar greenhouses (N) is 200, which corresponds to
a middle-scale farm in Shandong province. Each solar greenhouse occupies one mu. The growth duration (Dur) is 84 days.
The variables to be determined are planting area (expressed as
the number of greenhouses) and the corresponding planting
dates.
Fig. 10 shows the results of optimized variables: the number of greenhouses for planting tomatoes on different dates
[Fig. 10(a)], and the corresponding yield curves [Fig. 10(b)].
The simulation period started from September 20, 2014 (day
263, autumn) to May 22, 2015 (day 507), with January 1, 2014
being day 1. It is noteworthy that the summer period (July and
August) is not suitable for planting because it is too hot inside
the solar greenhouse.
The resulting weekly yield is shown in Fig. 10(b) (dotted
line). Each symbol refers to the accumulated yield during a
week, for example, the yield on day 346 represents the total
weight of the fruits harvested during the day 340 to the day
346. The mean production is 20274.6 kg, with a standard
deviation of 438.3 kg. The coefficient of variation is 2.16%.
F. Optimizing the Planting Date and Duration to Achieve
Maximum Gross Profits
Table I shows the optimization results for maximizing the
gross profit by choosing the best planting dates and duration for each growing season. The boundary planting dates,
D1 and D2 , are shown in Table I. In total, there are 100 greenhouses (N = 100). A Gantt chart can be drawn according to

Fig. 10.
Optimized planting date and number of solar greenhouses.
(a) Numbers of greenhouses to plant at different dates. (b) Simulated production of each greenhouse (lines) and optimized weekly yield (dotted
line).
TABLE I
O PTIMIZATION R ESULTS FOR M AXIMIZING E CONOMIC
G ROSS P ROFITS . JANUARY 1, 2014 A S DAY 1

this result (not shown), which is typically used in farms. The
result dates are quite realistic: rotation one planted in January
or February, and rotation two in August, with approximately
one month separating the two rotations for recovery.
V. D ISCUSSION
We have proposed in this paper the concept of agricultural CPSS and concretized it with a case study of a cropping
plan for the solar greenhouse, a typical kind of greenhouse in
North China. The decision support for the system is based on
the ACP method. The greenhouse indoor environmental model,
and in turn crop development and growth model, are built
based on the environment and crop data. Computational experiments are made in cyberspace to provide solutions regarding
to the planting date and area aiming at a constant supply or
best profit, which can be updated according to real-time monitored data. Physical information regarding to the environment
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and social information (herein the product price) are collected
continuously to train the components so that the real and
virtual systems interplays and guide each other.
Depending on the aim of application, a CPSS for agriculture
is not limited to these components, while a common feature
is to add a social dimension and online training to the system.
This need is becoming stronger, especially with the increase
in farm’s scale in recent years. With the expanded scale of
planting, agricultural production becomes too complex to be
handled by the grower’s brain. Independently, such information collection and analysis have been conducted, while the
mechanism that links them dynamically is missing. For example, price information is open to farmers; Yang et al. [3] have
developed a system to obtain the price of agricultural products
using the crawl technique. However, even with the access to
information, the decision support still relies on the experience
and knowledge of the grower himself, which necessitates personal capability and vision. Research has also been conducted
to examine greenhouse environmental control policy aimed at
maximizing profit [21]; however, such work is based on historical data, and the mechanism of self-updating according to
the actual price and environment is missing. Instead, CPSS
aims to solving how to schedule the cropping plan according
to the social information (e.g., price) and furthermore, realize
the plan by adjusting the environmental condition, ultimately
contract farming. By considering the physical and social information together, decision support can better fit to the needs
of growers for management. In this sense, the function of
CPSS is similar to the integrated function of the enterprise
resource planning system and manufacturing execution system,
which remains challenging even in industry [22], [23]. The
integration of social information, from both supply (grower)
and demand (customer) sides, could provide a more complete
view of the full agricultural production system, so that the
decision is more realistic. A benefit can also be found in the
psychological impact: traditionally, agriculture is regarded as
a low level and poor working condition, which hampers young
people from entering this area. The agricultural CPSS could
improve not only management efficiency but also people’s perception of agriculture, so that young people are willing to
participate.
Compared with industrial production, the specialty of agricultural CPSS lies in the objects of management are live bodies
with growth and product changes that are highly related to the
environment. In fact, for a long time, crop models have been
aimed at solving the simulation and prediction of plant growth
to better management and control, or crop breeding. Typical
examples in horticulture include HortiModel from Wageningen
University [24], and the derived TomSim model for
tomato [25]. Others include those for cucumber [26] and sweet
pepper [27]. In the past decades, the spatial scale of the crop
model has been further detailed to the organ level, leading to
functional–structural plant models [28], which can be used to
analyze the differences in cultivars under a light environment.
Model parameters can be identified inversely for plants grown
under different conditions [19], [29]. However, when facing
reality, often the calibrated model in the laboratory is no more
suitable. In contrast, there are numerous studies predicting
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plant yield based fully on environmental data without considering the intrinsic rule of plant development and growth.
With such background, the knowledge-and-data-driven model
has been proposed to add to model transparency and plasticity,
as proposed in current CPSS. Since crop models are based on
environmental prediction, the latter becomes part of the full
system. Based on the mentioned ACP method, the behavior of
the system can be updated according to the monitored data,
distinguishing itself from previous types of modeling.
A feature of the solar greenhouse is poor controllability.
From another point of view, it is an advantage: without water
or nutritional stress, the development of a crop is mainly
adjusted by temperature and light conditions [14]. Due to light
conditions, the solar greenhouses are located in North China
and, mostly depends on natural light, except for the occasional light supplement. For temperature, heating is typically
unnecessary even in winter, with a reliance on the insulation wall. The temperature is adjusted mainly by a ventilation
window for situations in which the temperature is already
higher than the response threshold for plant development.
Due to low controllability, the indoor light and temperature
conditions can basically be predicted from the open field condition, making it possible to predict the phenology. This step
is the basis for the cropping plan of production management. Regarding environmental control, two kinds of temporal
scales must be considered [30], namely, the long-term croplevel scale (in days) and the short-term environment-level scale
(in minutes). While the cropping plan and optimal set point
for environmental control are based on the crop-level model,
daily management needs a policy to achieve the set point and
expected harvest time, for example, when and how to open the
ventilation window in the morning and afternoon. Prevailingly,
this is again highly dependent on personal experience. In
CPSS, based on real-time monitoring and prediction, decision
support can be provided on this short-term level environmental
control, leading to a smart control facility for the greenhouse.
There are still many factors related to a successful realization and application. Some are listed as follows.
1) The Degree of Acceptance by the Growers: Even if
the terminal CPSS includes both the popular mobile
application (App) and classical desktop one, because of
habit, education level, and age, growers are not necessarily willing to accept such new platforms. To solve
this problem, on the one hand, the amount of data to
be provided by growers should technically be as little
as possible [2]. Presently, automatic recognition of crop
parameters is still being tested in the laboratory [31]
but not industrialized. More importantly, mechanism
of pushing farming by selling should be constructed,
which means the system should help to solve the key
problem of farmers (first marketing). The acceptance
of users is the basis of producing data, and the latter
is important for the personalized updating of parallel
systems.
2) Data Security: Being a system that integrates both social
and physical information, a system aiming at linking
various stakeholders, CPSS is leading to a virtual community in the Web. The credit in this community is a
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relevant issue, i.e., how to validate the information and
how to avoid misuse of the information. For example, in
contract farming, how does one ensure that the ordered
product is the one planted with high criteria, but not that
from any market? Blockchain [32] provides a solution
through the smart contract, avoiding distorting the data
arbitrarily via decentralized management [33]. Although
it is not necessary for a fully trustable community, at
least the cost of cheating increases.
3) The Availability of IoT-Monitored Data: Although IoT
for agriculture is becoming increasingly mature, supplying different sensors, and transmission methods, stability
and price are key factors in the promotion of IoT products, especially for low-cost greenhouses. The choice of
sensors must be made considering that the monitored
data can be used for practical needs. Based on this principle, in this paper, the IoT system was composed only
of sensors of temperature and light intensity.
The mentioned components can be further detailed and
improved. Currently, to optimize the gross profit, price information is acquired from monitored data, which is to be
replaced with a prediction model using the time series analysis method [34] or neuron network algorithm [35]–[37].
In planting schedules, herein we consider the case of single type of crop. In real cases, several kinds of crops are
typically planted, and the constraint of continuous cropping
must be considered in nonlinear programming [38], [39]. The
prediction of crop phenology is to be further combined with
the recommendation of fertilization, with the latter also being
related to yield prediction. The resulting decision support is
to be expressed with knowledge automation; for example,
embedding the recommendation into an easy-to-use resource
planning application.
Returning to the topic of this paper, why does the design of
the system follow a Just-For-Fit Philosophy? First, this system
is designed for the solar greenhouse, the construction and
maintenance cost of which fit current Chinese farmers. Second,
physical information is collected with low-cost and robust sensors, and the collected environmental variables are basic for
predicting plant development and growth. In our opinion, collecting but not using information is a waste. The Just-For-Fit
idea also lies in the prediction of the greenhouse indoor environment based on outdoor conditions. Even if the cost of IoT
facility is low, some greenhouses still may not be equipped.
Thus, a trained model for neighboring greenhouses can provide predictions. Fig. 1 shows that the solar greenhouses in
a farm are often densely distributed. Guiding production to
fit the need of the market is another feature of this paper,
either by fitting to the desired amount of product or by fitting to the need in the open market. Both can help decrease
waste in labor or production. Suggestions of which crop to
plant will be presented in a future work. Taken together,
these findings could contribute to the sustainable agricultural
production.
VI. C ONCLUSION
An agricultural CPSS has been proposed and illustrated with
the management of horticultural production using the solar
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greenhouse. Based on the collected product price (social information) and environmental data (physical information), the
planting dates and area were optimized according to different
aims: constant supply or maximum gross profit. The designed
system fits the current situation and needs of solar greenhouse
production. The application of intelligent management to the
traditional solar greenhouse brings vitality to the horticultural
production pattern.
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