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 A B S T R A C T

Greenhouse cultivation plays a vital role in ensuring food security but is often associated with high energy 
consumption, water usage, and carbon emissions. Integrating renewable energy systems for power supply 
and utilizing rainwater harvesting for irrigation can help address these challenges. However, balancing 
these interconnected factors requires advanced control strategies. In this study, we propose a hierarchical 
model predictive control (MPC) framework to optimize the management of grid-connected photovoltaic-
battery systems in greenhouses, accounting for the interactions among energy use, water consumption, carbon 
emissions, and food production (EWCF nexus). The hierarchical MPC is structured in three layers: the first 
optimizes greenhouse operations to minimize total costs (MTC); the second manages the scheduling of the 
hybrid energy system to minimize operational cost (MOC); and the third designs an MPC controller to handle 
photovoltaic generation and load demand disturbances. Results show that the proposed MTC strategy reduces 
the total cost by 81.01% compared with the minimizing energy consumption strategy. Moreover, the MOC 
strategy reduces operational costs by 20.68% compared to the maximizing self-consumption strategy. In 
addition, the proposed MPC achieves superior performance in tracking the reference trajectory under varying 
disturbance levels compared to commonly used open loop controllers. This study provides practical guidance 
for greenhouse management by addressing key resource and environmental challenges, contributing to the 
sustainable development of controlled-environment agriculture.
1. Introduction

1.1. Challenges of greenhouse cultivation

Greenhouse cultivation is a modern agricultural technique that 
creates a controlled environment to optimize crop growth by regulating 
key factors such as temperature, humidity, light intensity, and CO2
concentration [1]. By providing a stable growing environment, green-
houses protect crops from adverse weather conditions, such as extreme 
temperatures, heavy rainfall, and strong winds, while also minimizing 
the impact of pests and diseases [2,3]. In addition, greenhouse systems 
allow for the extension of the growing season and enable year-round 
or off-season production. As a result, compared to traditional open-
field farming, greenhouse cultivation typically achieves higher yields 
and better crop quality [4,5]. Although greenhouse cultivation has 
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many advantages, it also faces several challenges, such as high energy 
consumption, water consumption, and carbon emissions [6,7].

Energy consumption is one of the most significant concerns, as 
maintaining the controlled environment requires substantial energy 
inputs. In some greenhouses, energy costs account for more than 70% 
of the total operating costs due to high energy consumption. The 
energy consumed is primarily concentrated in heating, ventilation, 
cooling, supplemental lighting, and irrigation [8]. Heating is typically 
the largest contributor, accounting for around 70%–80% of total energy 
use, especially in colder climates [9]. Ventilation, cooling, supplemen-
tal lighting, and irrigation each contribute a relatively small proportion 
to the overall energy consumption. Ventilation and cooling systems 
consume energy to control temperature and humidity, ensuring optimal 
conditions for plant growth. Supplemental lighting is used to provide 
additional light, especially in regions with limited natural sunlight, 
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 Nomenclature
 𝐴𝑝𝑣 Area of the PV array (m2) 𝑝𝑓 Feed-in tariff (R/kWh)  
 𝐶𝑏 Battery rated capacity (kWh) 𝑃𝐸 Artificial lighting power (W/m2)  
 𝑐𝑛 Unit capacity cost of battery (Rand/kWh) 𝑃𝑝𝑣 Power output from PV array (kW)  
 𝐶𝑎𝑖𝑟 CO2 concentration (g/m3) 𝐶𝑜𝑝𝑒𝑟 Operating costs (R)  
 𝐶𝑎𝑠𝑠𝑖 CO2 assimilation (g/m2 s) 𝑄𝑐 Heating/cooling power (W∕m2)  
 𝐶𝑐𝑎𝑝 Greenhouse heat capacity (J∕m2 ◦C) 𝑄𝑐𝑜𝑣 Heat transfer across cover (W∕m2)  
 𝐶𝑐𝑎𝑟𝑏 Cost of supplemental CO2 (R) 𝑄𝑙𝑎𝑚𝑝 Lamp heating power (W∕m2)  
 𝐶𝑒𝑙𝑒𝑐 Electricity cost (R) 𝑄𝑟𝑎𝑑 Solar radiation power (W∕m2)  
 𝐶𝑖𝑛𝑗 CO2 injection (g/m2 s) 𝑄𝑠𝑢𝑛 Incoming radiation power (W∕m2)  
 𝐶𝑜𝑢𝑡 Outside CO2 concentration (g/m3) 𝑄𝑡𝑟𝑎𝑛𝑠 Transpiration power (W∕m2)  
 𝐶𝑝,𝑎𝑖𝑟 Air heat capacity (J/kg ◦C) 𝑄𝑣𝑒𝑛𝑡 Heat loss through ventilation power (W∕m2)  
 𝐶𝑣𝑒𝑛𝑡 Ventilation’s influence on CO2 levels (g/m2 s) 𝑟𝑏 Resistance parameter (s/m)  
 𝑒𝑎 Average vapor pressure 𝑟𝑠 Stomatal resistance (s/m)  
 𝑒𝑠 Saturation vapor pressure 𝑅𝐻𝑎𝑖𝑟 Greenhouse relative humidity (%)  
 𝐸𝑇 Crop evapotranspiration (ton/s) 𝑅𝑛 Net radiation at crop level  
 𝑔𝑐 The condensation conductance (m/s) 𝑠𝑟 Shading rate  
 𝑔𝑒 Transpiration conductance (m/s) 𝑆 The greenhouse area (m2)  
 𝑔𝑣 Ventilation speed (m/s) 𝑆𝑂𝐶 State of charge (%)  
 ℎ Height of greenhouse (m) 𝑇𝑎𝑖𝑟 Greenhouse temperature (◦C)  
 𝐻𝑎𝑖𝑟 Greenhouse humidity (g/m3) 𝑇𝑐𝑒𝑙𝑙 PV cell temperature (◦C)  
 𝐻𝑠𝑎𝑡

𝑎𝑖𝑟 Saturated vapor concentration (g/m3) 𝑇𝑟𝑒𝑓 Reference temperature (◦C)  
 𝐼𝑐𝑜𝑛 Water consumed for irrigation (ton) 𝑇𝑜𝑢𝑡 Outdoor temperature (◦C)  
 𝑘 Temperature coefficient (◦C) 𝛼1 Transmission coefficient  
 𝑘𝑐 Crop factor 𝛼2 Heat transfer coefficient (W∕m2 ◦C)  
 𝑘1 Maximum change rates of 𝑄𝑐 𝛽𝑐𝑎𝑙 Calendar aging  
 𝑘2 Maximum change rates of 𝑔𝑣 𝛽𝑐𝑦𝑐 Cycle aging  
 𝑘3 Maximum change rates of 𝐶𝑖𝑛𝑗 𝛿 Vapor pressure curve slope  
 𝑘4 Maximum change rates of 𝑠𝑟 𝜖 Latent-to-sensible heat ratio  
 𝐿 Energy required for evaporation (J/g) 𝜂 Lighting heat conversion factor  
 𝐿𝐴𝐼 Leaf area index 𝜂𝑐 Coefficient of charging efficiency  
 𝐿𝑐𝑦𝑐 Life cycle number of the battery 𝜂𝑑 Coefficient of discharging efficiency  
 𝑝𝑐 Supplied CO2 price (R/ton) 𝜂𝑝𝑣 Efficiency of PV power generation  
 𝑝𝑔𝑐 Parameter linked to condensation surface properties 𝛾 Crop specific parameter  
 (m∕s ◦C1∕3) 𝜆𝑝 Pumping volume to power conversion coefficient 
 𝑝𝑝 Peak electricity price (R/kWh) 𝜆𝑣 Ventilation rate to power conversion coefficient  
 𝑝𝑠 Standard electricity price (R/kWh) 𝜇 Psychometric constant  
 𝑝𝑜 Off-peak electricity price (R/kWh) 𝜌𝑎𝑖𝑟 Density of air, (kg/m3)  
 𝑝𝑒 Electricity price (R/kWh)  
supporting photosynthesis [10]. The irrigation system consumes energy 
mainly for the operation of water pumps.

Water consumption in greenhouse operations is also a critical issue. 
Greenhouses can reduce irrigation water use by 50%–90% compared 
to open-field cultivation [11]. However, the need for irrigation remains 
significant, especially in larger-scale operations. Despite employing the 
highly water-efficient irrigation system, greenhouse cultivation still 
demands around 1.5 l of water per square meter per day [12]. In 
addition, cooling systems, particularly evaporative cooling, rely heavily 
on water, adding to the overall consumption.

In addition to the high consumption of energy and water resources, 
greenhouse operations are often associated with a considerable carbon 
footprint [13]. For many modern greenhouses, especially those requir-
ing active climate control, more than 60% of their energy consumption 
comes from fossil fuels, leading to considerable carbon emissions [14]. 
This not only accelerates climate change, but also poses risks to local 
ecosystems and biodiversity.

The challenges of greenhouse operations are particularly severe in 
South Africa, where frequent electricity shortages occur as the national 
grid often fails to meet electricity demand. To manage these shortages 
and prevent grid collapse, the country regularly implements load shed-
ding (planned rolling blackouts). For example, users experienced more 
than 1030 h of power outages in just the first half of 2023 [15]. In 
addition, South Africa’s heavy reliance on coal-fired power generation 
2 
(as shown in Fig.  1) has contributed to a grid emission factor of 
708 g CO2/kWh in 2023, which is among the highest in the world and 
has helped make it the 14th largest greenhouse gas emitter globally. 
Moreover, water scarcity poses another significant concern, with pro-
longed droughts affecting several regions [16]. For instance, Cape Town 
narrowly avoided ‘‘Day Zero’’ in 2018, when municipal water supplies 
were nearly depleted.

1.2. Overview of existing research

To address the energy challenges in greenhouse cultivation, several 
methods have been proposed to improve energy efficiency and promote 
sustainability. In [18,19], energy-efficient heating and cooling systems 
have been developed, along with advanced lighting systems designed to 
minimize power usage while maintaining optimal light levels for plant 
growth. In [20,21], the integration of renewable energy sources, such 
as solar and wind power, into greenhouse operations has been explored 
to reduce dependence on conventional energy supplies and enhance 
environmental sustainability. In [22], the feasibility of creating net-
zero energy greenhouses through the integration of semitransparent 
organic solar cells into greenhouse structures is examined. The findings 
indicate that organic solar cells can offset greenhouse energy demands 
in warm and moderate climates while maintaining sufficient sunlight 
for plant needs. In addition, the integration of rooftop greenhouses with 
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Fig. 1. Share of electricity production from fossil fuels [17].

buildings has been developed to optimize greenhouse operations and 
reduce energy consumption and operational costs [23].

Various methods have been proposed to deal with water consump-
tion issues in greenhouse operations. In [24], a drip irrigation system 
was introduced to deliver water directly to plant roots, minimizing 
evaporation and runoff, which improved water use efficiency and crop 
yields. In [25], a humidification-dehumidification system integrated 
with a solar still is used to reduce water consumption in greenhouses. 
This system harnesses solar energy to produce 4.03–5.20 m3∕day of wa-
ter through condensation, recycling moisture from the air and reusing 
it for irrigation, thereby significantly reducing the dependence on 
external freshwater sources.

To address the challenges of greenhouse carbon emissions, several 
energy-efficient technologies have been explored. In [26], a compre-
hensive optimization method for the shading and electrical perfor-
mance of a roof-mounted photovoltaic system in a Venlo-type green-
house is proposed, achieving an annual carbon emission reduction 
of 11,202 kg. In [27], geothermal energy was examined as a sus-
tainable option for heating and cooling greenhouses, utilizing stable 
underground temperatures as an eco-friendly alternative to fossil fuels. 
In [28], biomass combined heat and power systems were implemented, 
generating both heat and electricity from renewable biomass resources, 
further lowering the environmental impact. In [29], a combined cooling 
heating and power system is optimized using deep learning algorithms 
to capture CO2 emissions from micro power plants for greenhouse 
enrichment, resulting in a 56% reduction in CO2 emissions.

Although research on greenhouse energy, water, and carbon emis-
sions has led to important advancements in energy efficiency, water 
conservation, and carbon emissions reduction, several challenges still 
persist. First, many studies on greenhouse operation optimization focus 
on only one of the key factors such as energy consumption, water usage, 
carbon emissions, or crop yield, while few consider these factors simul-
taneously. These factors are interrelated and can significantly influence 
each other [30]. For example, optimizing for minimal energy consump-
tion might lead to reduced ventilation and cooling, which in turn can 
increase water usage due to higher humidity levels [31]. Similarly, a 
focus on maximizing crop yield often requires increased energy and 
water consumption, which can elevate carbon emissions. The energy-
water-carbon-food (EWCF) nexus is illustrated in Fig.  2. Addressing 
only one factor may compromise the balance of other essential factors, 
affecting the overall sustainability of greenhouse operations [32].

Second, although numerous studies have proposed optimization 
methods for greenhouse energy systems, most focus on individual 
components, such as HVAC performance or energy storage operation, 
without fully considering the integration of PV systems with the elec-
trical grid [33]. The combination of PV systems, energy storage, and 
grid connection can significantly enhance the flexibility and reliability 
of greenhouse energy management.
3 
Fig. 2. EWCF nexus of greenhouse systems.

Third, few studies have focused on control strategies for greenhouse 
hybrid energy systems under the uncertainties associated with PV 
power generation and load demand. These uncertainties, caused by 
factors such as weather variability and changing energy consumption 
patterns, significantly affect system stability and efficiency. Methods 
such as stochastic optimization and model predictive control (MPC) 
offer promising solutions to manage these uncertainties and improve 
system performance under variable conditions [34].

1.3. Research contributions

To address the challenges of greenhouse cultivation, this study in-
troduces a hybrid energy system that integrates PVs, batteries, and the 
grid to supply power to the greenhouse. A hierarchical model predictive 
control approach is proposed to manage this system, considering the 
EWCF nexus. The framework consists of three layers: a greenhouse 
operation optimization layer, an energy system management layer, and 
a real-time controller layer. The system is analyzed under South African 
conditions, providing a comprehensive evaluation of its performance 
and applicability in addressing regional environmental and resource 
challenges. The main contributions of this research are:

(1) We propose a grid-connected greenhouse hybrid energy system 
that combines PV generation, battery storage and the utility grid 
to replace the traditional grid-only supply, aiming to alleviate 
power shortages and reduce greenhouse gas emissions in regions 
with frequent outages and carbon-intensive electricity.

(2) We develop a three-layer hierarchical model predictive control 
framework that coordinates greenhouse operation optimization, 
hybrid energy system scheduling and real-time power-flow con-
trol, while explicitly accounting for the EWCF nexus.

(3) We formulate a total cost minimization strategy for greenhouse 
operation that integrates electricity cost, CO2 supply cost and CO2
emission cost, enabling operation that simultaneously reduces en-
ergy use, emissions and operating cost while maintaining suitable 
growing conditions.

(4) We design an MPC-based hybrid energy management strategy 
that accounts for battery aging and carbon-emission costs to 
enhance real-time power-flow control under PV and load uncer-
tainties.
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Fig. 3. Greenhouse hybrid energy system.
Fig. 4. Schematic diagram of a greenhouse system.

The rest of the paper is structured as follows. Section 2 describes 
the model of the greenhouse hybrid energy system. Section 3 presents 
the hierarchical MPC strategy. Section 4 analyzes the simulation results 
to evaluate the effectiveness of the proposed control strategy. Sec-
tion 5 concludes the paper by summarizing key points and highlighting 
directions for future research.

2. System description

Fig.  3 illustrates the hybrid energy system proposed in this study, 
which integrates PV generation, battery storage, and grid power to 
supply a smart greenhouse. The system is coordinated by a smart 
meter and an MPC controller to ensure efficient energy distribution in 
response to varying power demands.

2.1. Greenhouse system

Fig.  4 shows a schematic diagram of a greenhouse system. In this 
study, the greenhouse model described in [35,36] is used.

2.1.1. Temperature
Regulating the temperature is essential for optimizing plant growth, 

preventing disease, and maintaining a suitable environment [37]. The 
temperature model is expressed as: 
𝑑𝑇𝑎𝑖𝑟
𝑑𝑡

= 1
𝐶𝑐𝑎𝑝

(𝑄𝑠𝑢𝑛 +𝑄𝑙𝑎𝑚𝑝 −𝑄𝑐𝑜𝑣 (1)

−𝑄𝑡𝑟𝑎𝑛𝑠 −𝑄𝑣𝑒𝑛𝑡 +𝑄𝑐 ),

4 
where 𝑇𝑎𝑖𝑟 denotes the internal temperature, 𝐶𝑐𝑎𝑝 refers to the green-
house heat capacity, 𝑄𝑠𝑢𝑛 is the incoming radiation power, 𝑄𝑙𝑎𝑚𝑝 ac-
counts for the heat generated by the lamps, 𝑄𝑐𝑜𝑣 represents the heat loss 
through the cover, 𝑄𝑡𝑟𝑎𝑛𝑠 is the energy absorbed by crop transpiration, 
𝑄𝑣𝑒𝑛𝑡 signifies the energy loss due to ventilation, and 𝑄𝑐 represents the 
heating/cooling power. 
𝑄𝑠𝑢𝑛 = 𝛼1(1 − 𝑠𝑟)𝑄𝑟𝑎𝑑 , (2)

where 𝛼1 is the cover’s transmission coefficient, 𝑠𝑟 represents the shad-
ing rate, and 𝑄𝑟𝑎𝑑 is the power of solar radiation.

𝑄𝑐𝑜𝑣 can be expressed as: 

𝑄𝑐𝑜𝑣 = 𝛼2(𝑇𝑎𝑖𝑟 − 𝑇𝑜𝑢𝑡), (3)

where 𝛼2 represents the cover heat transfer coefficient, 𝑇𝑜𝑢𝑡 represents 
the outdoor temperature.

𝑄𝑡𝑟𝑎𝑛𝑠 can be acquired through: 

𝑄𝑡𝑟𝑎𝑛𝑠 = 𝑔𝑒𝐿(𝐻𝑐𝑟𝑜𝑝 −𝐻𝑎𝑖𝑟), (4)

where 𝑔𝑒 denotes transpiration conductance, 𝐿 signifies the energy 
utilized for water evaporation from a leaf, 𝐻𝑐𝑟𝑜𝑝 indicates the abso-
lute water vapor concentration at the crop level, 𝐻𝑎𝑖𝑟 represents the 
absolute water vapor concentration. 𝑔𝑒 is acquired through: 

𝑔𝑒 =
2𝐿𝐴𝐼

(1 + 𝜖)𝑟𝑏 + 𝑟𝑠
, (5)

where 𝐿𝐴𝐼 is the leaf area index, 𝜖 is the ratio of latent to sensible heat 
content of saturated air, 𝑟𝑏 is the boundary layer resistance, and 𝑟𝑠 is 
the stomatal resistance.

𝐻𝑐𝑟𝑜𝑝 is given by: 

𝐻𝑐𝑟𝑜𝑝 = 𝐻𝑎𝑖𝑟,𝑠𝑎𝑡 + 𝜖
𝑟𝑏

2𝐿𝐴𝐼
𝑅𝑛
𝐿

, (6)

where 𝐻𝑎𝑖𝑟,𝑠𝑎𝑡 denotes the saturated vapor concentration. 𝐻𝑎𝑖𝑟,𝑠𝑎𝑡 can be 
expressed by: 
𝐻𝑎𝑖𝑟,𝑠𝑎𝑡 = 5.5638𝑒0.0572𝑇𝑎𝑖𝑟 . (7)

𝜖 and 𝑟𝑠 can be acquired through: 

𝜖 = 0.7584𝑒0.0518𝑇𝑎𝑖𝑟 . (8)

𝑟𝑠 = (82 + 570𝑒−𝛾
𝑅𝑛
𝐿𝐴𝐼 )(1 + 0.023(𝑇𝑎𝑖𝑟 − 20)2), (9)

where 𝛾 stands for a crop parameter, 𝑅𝑛 signifies the net radiation at 
the crop level. 

−0.7𝐿𝐴𝐼 (10)
𝑅𝑛 = 0.86(1 − 𝑒 )(𝑄𝑠𝑢𝑛 + 𝑃𝐸 ),
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where 𝑃𝐸 is the electrical power consumption of the lamps. 
𝑄𝑙𝑎𝑚𝑝 = 𝜂𝑃𝐸 . (11)

𝑄𝑣𝑒𝑛𝑡 = 𝑔𝑣𝜌𝑎𝑖𝑟𝐶𝑝,𝑎𝑖𝑟(𝑇𝑎𝑖𝑟 − 𝑇𝑜𝑢𝑡), (12)

where 𝑔𝑣 is the rate of ventilation, 𝜌𝑎𝑖𝑟 denotes the air density, 𝐶𝑝,𝑎𝑖𝑟
represents the air heat capacity.

2.1.2. Relative humidity
Precise humidity control is key to a stable and productive culti-

vation environment. Maintaining proper relative humidity in a green-
house is essential for plant health and climate control. Optimal hu-
midity supports efficient water absorption and prevents stress while 
reducing risks of fungal diseases and mold. Excess humidity can hin-
der nutrient uptake and photosynthesis, impacting growth [38]. The 
relative humidity 𝑅𝐻𝑎𝑖𝑟 is determined as follows: 
𝑅𝐻𝑎𝑖𝑟 = 𝐻𝑎𝑖𝑟∕𝐻𝑎𝑖𝑟,𝑠𝑎𝑡, (13)

where 𝐻𝑎𝑖𝑟 represents the air vapor concentration and is obtained by: 
𝑑𝐻𝑎𝑖𝑟
𝑑𝑡

= 1
ℎ
(𝐻𝑡𝑟𝑎𝑛𝑠 −𝐻𝑐𝑜𝑣 −𝐻𝑣𝑒𝑛𝑡), (14)

where 𝐻𝑡𝑟𝑎𝑛𝑠 is the water vapor generated by transpiration, 𝐻𝑐𝑜𝑣 rep-
resents the water vapor condensation on the cover and 𝐻𝑣𝑒𝑛𝑡 signifies 
the water vapor movement due to ventilation, ℎ denotes the height of 
the greenhouse.

𝐻𝑡𝑟𝑎𝑛𝑠 can be characterized by: 
𝐻𝑡𝑟𝑎𝑛𝑠 = 𝑔𝑒(𝐻𝑐𝑟𝑜𝑝 −𝐻𝑎𝑖𝑟). (15)

𝐻𝑐𝑜𝑣 can be acquired through: 
𝐻𝑐𝑜𝑣 = 𝑔𝑐

[

0.2522𝑒0.0485𝑇𝑎𝑖𝑟 (𝑇𝑎𝑖𝑟 − 𝑇𝑜𝑢𝑡)

−(𝐻𝑎𝑖𝑟,𝑠𝑎𝑡 −𝐻𝑎𝑖𝑟)
]

,
(16)

𝑔𝑐 =

{

0 if 𝑇𝑎𝑖𝑟 ≤ 𝑇𝑜𝑢𝑡
𝑝𝑔𝑐 (𝑇𝑎𝑖𝑟 − 𝑇𝑐𝑜𝑣)1∕3 if 𝑇𝑎𝑖𝑟 > 𝑇𝑜𝑢𝑡.

(17)

𝐻𝑣𝑒𝑛𝑡 can be gained via: 
𝐻𝑣𝑒𝑛𝑡 = 𝑔𝑣(𝐻𝑎𝑖𝑟 −𝐻𝑜𝑢𝑡), (18)

where 𝑔𝑣 represents the ventilation rate.

2.1.3. Carbon dioxide concentration
Controlling CO2 concentration is vital in greenhouses to enhance 

plant growth and maximize photosynthesis efficiency. The model is 
given by: 
𝑑𝐶𝑎𝑖𝑟
𝑑𝑡

= 1
ℎ
(𝐶𝑖𝑛𝑗 − 𝐶𝑎𝑠𝑠𝑖 − 𝐶𝑣𝑒𝑛𝑡), (19)

where 𝐶𝑎𝑖𝑟 represents the CO2 concentration within the greenhouse, 
𝐶𝑖𝑛𝑗 denotes the rate of CO2 injection, 𝐶𝑎𝑠𝑠𝑖 signifies the CO2 assimi-
lation, and 𝐶𝑣𝑒𝑛𝑡 stands for the changes in CO2 concentration due to 
ventilation.

𝐶𝑎𝑠𝑠𝑖 and 𝐶𝑣𝑒𝑛𝑡 can be calculated by: 

𝐶𝑎𝑠𝑠𝑖 = 2.2 × 10−3 1
1 + 0.42

𝐶𝑎𝑖𝑟

(1 − 𝑒−0.003(𝑄𝑠𝑢𝑛+𝑃𝐸 )), (20)

𝐶𝑣𝑒𝑛𝑡 = 𝑔𝑣(𝐶𝑎𝑖𝑟 − 𝐶𝑜𝑢𝑡). (21)

2.1.4. Light intensity
Adequate light promotes optimal plant development, enhances flow-

ering, and boosts yield. Insufficient light can slow growth, weaken 
plants, and reduce productivity, while excessive light can lead to over-
heating and stress. By controlling light intensity within ideal ranges, 
greenhouse growers can ensure consistent, healthy crop growth, sup-
porting both quality and quantity in crop production [39]. Light inten-
sity can be determined using Eq.  (2) and is not repeated here.
5 
2.1.5. Greenhouse irrigation
Precision irrigation provides plants with the exact amount of water 

needed, optimizing growth while conserving resources [40]. The crop 
water requirement is estimated through evapotranspiration 𝐸𝑇 . The 
irrigation model is given by [41]: 
𝑑𝐼𝑐𝑜𝑛
𝑑𝑡

= 𝐸𝑇 . (22)

𝐸𝑇 = 𝑘𝑐 ×
0.408𝛥𝑅𝑛 + 𝜇 1713

𝑇𝑎𝑖𝑟+273
(𝑒𝑠 − 𝑒𝑎)

𝛥 + 1.64𝜇
, (23)

where 𝑘𝑐 is the crop coefficient, 𝛥 stands for the slope of the vapor pres-
sure curve, 𝜇 is the psychometric constant, 𝑒𝑠 signifies the saturation 
vapor pressure, 𝑒𝑎 denotes the average vapor pressure. 

𝛥 =
4098 × 𝑒𝑠

(𝑇𝑎𝑖𝑟 + 237.3)2
, (24)

𝑒𝑎 = 𝑒𝑠 × 𝑅𝐻𝑎𝑖𝑟, (25)

𝑒𝑠 = 0.6108 × exp(
17.27 × 𝑇𝑎𝑖𝑟
𝑇𝑎𝑖𝑟 + 237.3

). (26)

Efficient water management is essential for greenhouse operations, 
especially in regions facing water scarcity or variable rainfall [42]. 
Traditionally reliant on municipal water or groundwater, greenhouses 
are under increasing pressure to adopt sustainable practices that reduce 
environmental impact and conserve resources. A viable solution is com-
bining rainwater harvesting and groundwater extraction for irrigation. 
Rainwater collected from the greenhouse roof is stored and used as 
the primary water source, reducing dependence on municipal supplies 
and lowering costs. In times of insufficient rainfall, groundwater serves 
as a backup, ensuring a reliable water supply. This dual approach 
optimizes water use, provides resilience against drought, and supports 
healthier plant growth, as rainwater is free from harmful chemicals. 
By integrating both methods, greenhouses can conserve freshwater 
resources and minimize their ecological footprint.

2.2. Hybrid energy system

A hybrid energy system, comprising PVs, batteries, and the power 
grid, enables flexible energy management and enhances supply stabil-
ity. PV generation efficiently harnesses solar energy during the day to 
provide clean power, but its intermittent nature limits continuous sup-
ply. Batteries supplement power during low PV output or peak demand 
periods, balancing supply and demand and extending renewable energy 
usage. The power grid serves as a backup source, ensuring reliability, 
especially when PV generation is unstable or battery capacity is insuf-
ficient [43]. Through optimized configuration and coordinated control, 
this system achieves higher self-consumption, reduces energy costs, and 
lowers carbon emissions, advancing sustainable energy utilization.

Fig.  5 illustrates the hybrid energy system. 𝑃1 represents the power 
discharged from the battery to supply the greenhouse, 𝑃2 is the power 
used by the PV system to charge the battery, 𝑃3 corresponds to the 
power generated by the PV system for the greenhouse, 𝑃4 refers to the 
power fed into the grid, 𝑃5 represents the power supplied by the grid 
to the greenhouse, and 𝑃6 is the power drawn from the grid to charge 
the battery. The model of the hybrid energy system is displayed below.

2.2.1. PV panels
Based on [44], PV power generation can be determined by: 

𝑃𝑝𝑣 = 𝑄𝑟𝑎𝑑𝐴𝑝𝑣𝜂𝑝𝑣
[

1 + 𝑘 × (𝑇𝑐𝑒𝑙𝑙 − 𝑇𝑟𝑒𝑓 )
]

, (27)

where 𝑃𝑝𝑣 is the hourly power output of the PV system, 𝜂𝑝𝑣 indicates the 
efficiency of the PV array, 𝐴𝑝𝑣 refers to the area of the PV panels, 𝑘 is 
the temperature coefficient, 𝑇𝑟𝑒𝑓  represents the reference temperature 
of the PV cells, 𝑇𝑐𝑒𝑙𝑙 is the actual temperature of the PV cells, which 
can be determined as follows: 
𝑇𝑐𝑒𝑙𝑙 = 𝑇𝑎𝑖𝑟 + 0.0256 ×𝑄𝑟𝑎𝑑 . (28)



D. Lin et al. Energy 347 (2026) 140421 
Fig. 5. Power flow of hybrid energy systems.

2.2.2. Battery bank
The SOC of the battery is determined by: 

𝑆𝑂𝐶(𝑘) = 𝑆𝑂𝐶(0) +
𝜂𝑐
𝐶𝑏

𝑘
∑

𝑖=1

[

𝑃2(𝑖) + 𝑃6(𝑖)
]

− 1
𝜂𝑑𝐶𝑏

𝑘
∑

𝑖=1
𝑃1(𝑖),

(29)

where 𝑆𝑂𝐶(𝑘) is the 𝑆𝑂𝐶 of the battery at the 𝑘th hour, 𝑆𝑂𝐶(0) is 
the initial 𝑆𝑂𝐶, 𝜂𝑐 is the charging efficiency, 𝜂𝑑 is the discharging 
efficiency, 𝐶𝑏 is the battery capacity.

2.2.3. Electric grid
This study adopts a time-of-use (TOU) tariff, with electricity prices 

defined as follows [45]: 

𝑝𝑒 =

⎧

⎪

⎨

⎪

⎩

𝑝𝑜 𝑡 ∈ [23, 24] ∪ [0, 7]

𝑝𝑠 𝑡 ∈ [7, 10] ∪ [15, 18] ∪ [21, 23]

𝑝𝑝 𝑡 ∈ [10, 15] ∪ [18, 21]

, (30)

where 𝑝𝑜, 𝑝𝑠, and 𝑝𝑝 are the electricity prices during the off-peak, 
standard, and peak periods, respectively. In addition, the feed-in tariff 
𝑝𝑓  is equal to 𝑝𝑜.

2.3. Model performance and applicability

The greenhouse model used in this study is based on the work 
of [35,36], which developed and validated a Venlo-type greenhouse 
model in the Netherlands. This model demonstrated high accuracy, 
with a strong correlation coefficient (r) and low root mean square 
error (RMSE) between measured and simulated values, confirming its 
effectiveness in predicting energy consumption and environmental con-
ditions. Its reliability has supported its adoption in numerous studies 
aimed at optimizing energy use and environmental control. Similarly, 
the hybrid energy system models, including PV panels, energy storage, 
and grid interaction, are based on validated models. These models 
are well-established in energy research, showing robustness in sim-
ulating energy production, storage dynamics, and grid interactions 
under diverse conditions, making them suitable for greenhouse energy 
systems.

Given this study’s focus on optimizing and controlling the green-
house hybrid energy system rather than developing or experimen-
tally validating individual component models, further experimental 
validation was not conducted. Although validation for South African 
6 
conditions was not specifically performed, the climatic similarities 
between South Africa and the Netherlands, particularly in terms of solar 
radiation, seasonal temperature fluctuations, and humidity patterns, 
support the applicability of these models to South African greenhouse 
systems.

3. Hierarchical model predictive control

This study proposes a hierarchical MPC method, as illustrated in Fig. 
6. The hierarchical structure consists of three layers: the greenhouse 
operation optimization layer, the hybrid energy system management 
layer, and the real-time control layer. The first layer determines the 
optimal energy demand based on greenhouse operations, which is used 
by the second layer to schedule energy resources accordingly, while the 
third layer tracks the scheduled actions in real time to ensure accurate 
system execution.

3.1. First layer: greenhouse system operation optimization

In previous studies, greenhouse operation optimization has mostly 
focused on strategies such as minimizing energy consumption (MEC) 
or minimizing energy costs (MCE), often overlooking the impact of 
carbon emissions during the operation process. This study converts the 
environmental impact of carbon dioxide into carbon emission costs and 
proposes a total cost minimization (MTC) method that considers both 
greenhouse operational costs and carbon emission costs to enhance the 
overall operational performance of the greenhouse.

3.1.1. Optimization objective function
The objective function for the proposed MTC strategy is defined as 

follows: 
𝐽𝑡𝑜𝑡 = 𝐶𝑜𝑝𝑒𝑟 + 𝐶𝑒𝑚𝑖𝑠, (31)

where 𝐶𝑜𝑝𝑒𝑟 is the operating cost, 𝐶𝑒𝑚𝑖𝑠 is the carbon emissions cost.
𝐶𝑜𝑝𝑒𝑟 can be calculated by: 

𝐶𝑜𝑝𝑒𝑟 = 𝐶𝑒𝑙𝑒𝑐 + 𝐶𝑐𝑎𝑟𝑏 (32)

where 𝐶𝑒𝑙𝑒𝑐 is the electricity cost, 𝐶𝑐𝑎𝑟𝑏 is the CO2 supply cost.
𝐶𝑒𝑙𝑒𝑐 can be determined using: 

𝐶𝑒𝑙𝑒𝑐 = 𝐶ℎ + 𝐶𝑣 + 𝐶𝑖, (33)

where 𝐶ℎ represents the cost of heating and cooling the greenhouse, 𝐶𝑣
denotes the ventilation cost, 𝐶𝑖 stands for the irrigation cost. 

𝐶ℎ = ∫

𝑡𝑓

𝑡𝑖
𝑄𝑐 (𝑡)𝑝𝑒(𝑡)𝑆𝑑𝑡, (34)

𝐶𝑣 = ∫

𝑡𝑓

𝑡𝑖
𝑔𝑣(𝑡)𝑝𝑒(𝑡)

𝑄𝑓𝑆
𝑉𝑓

𝑑𝑡, (35)

where 𝑄𝑓  represents the ventilation fan’s rated power, and 𝑉𝑓  is the 
airflow volume per hour at the rated power.

Although irrigation costs encompass various factors, including the 
construction and maintenance of rainwater harvesting systems, ground-
water extraction equipment, water treatment, and potential environ-
mental impacts, this research focuses on the energy consumption of 
irrigation pumps. By concentrating on this aspect, the study aims to 
provide a precise assessment of energy-related expenses that can be 
directly optimized, aligning with the primary objective of enhancing 
greenhouse energy management. The cost is determined by the irriga-
tion water demand and electricity price, assuming the electricity rate 
during irrigation remains consistently at the off-peak level. 𝐶𝑖 can be 
calculated by: 

𝐶𝑖 = 𝑝𝑜𝑄𝑝
𝐼𝑐𝑜𝑛
𝑉𝑝

, (36)

𝐼𝑐𝑜𝑛 =
𝑡𝑓
𝐸𝑇 (𝑡)𝑑𝑡, (37)
∫𝑡𝑖
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Fig. 6.  Hierarchical model predictive control structure.
where 𝑄𝑝 is the rated power of the pump, 𝑉𝑝 is the volume of water 
pumped, 𝐼𝑐𝑜𝑛 is the volume of water consumed.

𝐶𝑐𝑎𝑟𝑏 can be obtained by: 

𝐶𝑐𝑎𝑟𝑏 = ∫

𝑡𝑓

𝑡𝑖
𝑝𝑐𝐶𝑖𝑛𝑗 (𝑡)𝑆𝑑𝑡, (38)

where 𝑝𝑐 represents the CO2 price.
The CO2 emissions can be calculated by: 

𝐶𝑒𝑚𝑖𝑠 = 𝐶𝑒𝑞𝑢𝑖 − 𝐶𝑎𝑏𝑠𝑜, (39)

𝐶𝑒𝑞𝑢𝑖 = 𝑘𝑒𝑞𝐸𝑒𝑙𝑒𝑐 , (40)

𝐸𝑒𝑙𝑒𝑐 = ∫

𝑡𝑓

𝑡𝑖
(𝑄𝑐 (𝑡)𝑆 +𝑄𝑣(𝑡)𝑆 +

𝑄𝑝𝐸𝑇 (𝑡)
𝑉𝑝

)𝑑𝑡, (41)

𝐶𝑎𝑏𝑠𝑜 = ∫

𝑡𝑓

𝑡𝑖
𝐶𝑎𝑠𝑠𝑖(𝑡)𝑆𝑑𝑡, (42)

where 𝐶𝑒𝑞𝑢𝑖 denotes the CO2-eq emissions, calculated using the con-
sumed electrical energy 𝐸𝑒𝑙𝑒𝑐 and the grid emission factor 𝑘𝑒𝑞 .

3.1.2. Greenhouse system constraints
In greenhouse cultivation, maintaining environmental factors (state 

variables) within optimal ranges is essential to prevent yield reduc-
tion [46]. For instance, excessively high temperatures can lead to crop 
wilting or death, while insufficient CO2 levels hinder photosynthesis. 
Growers can define these constraints based on personal experience or 
determine them through optimization techniques aimed at maximizing 
crop yield or profit. State constraints can be described as: 
𝑇 𝑚𝑖𝑛 ≤ 𝑇 ≤ 𝑇 𝑚𝑎𝑥, (43)
𝑎𝑖𝑟 𝑎𝑖𝑟 𝑎𝑖𝑟

7 
𝑅𝐻𝑚𝑖𝑛
𝑎𝑖𝑟 ≤ 𝑅𝐻𝑎𝑖𝑟 ≤ 𝑅𝐻𝑚𝑎𝑥

𝑎𝑖𝑟 , (44)

𝐶𝑚𝑖𝑛
𝑎𝑖𝑟 ≤ 𝐶𝑎𝑖𝑟 ≤ 𝐶𝑚𝑎𝑥

𝑎𝑖𝑟 , (45)

where 𝑇 𝑚𝑖𝑛
𝑎𝑖𝑟 , 𝑅𝐻𝑚𝑖𝑛

𝑎𝑖𝑟 , and 𝐶𝑚𝑖𝑛
𝑎𝑖𝑟  represent the minimum acceptable values 

for temperature, relative humidity, and CO2 concentration, respec-
tively. 𝑇 𝑚𝑎𝑥

𝑎𝑖𝑟 , 𝑅𝐻𝑚𝑎𝑥
𝑎𝑖𝑟 , and 𝐶𝑚𝑎𝑥

𝑎𝑖𝑟  represent their upper limits.
The shading rate constraints can be defined as: 

⎧

⎪

⎨

⎪

⎩

𝑠𝑟 = 0,  if 𝑄𝑠𝑢𝑛 ≤ 𝑄𝑚𝑖𝑛
𝑠𝑢𝑛

0 < 𝑠𝑟 ≤ 1, 𝑄𝑚𝑖𝑛
𝑠𝑢𝑛 ≤ 𝑄𝑠𝑢𝑛(1 − 𝑠𝑟),  if 𝑄𝑠𝑢𝑛 > 𝑄𝑚𝑖𝑛

𝑠𝑢𝑛

(46)

The input constraints can be described as: 
𝑄𝑚𝑖𝑛

𝑐 ≤ 𝑄𝑐 ≤ 𝑄𝑚𝑎𝑥
𝑐 , (47)

𝑔𝑚𝑖𝑛𝑣 ≤ 𝑔𝑣 ≤ 𝑔𝑚𝑎𝑥𝑣 , (48)

𝐶𝑚𝑖𝑛
𝑖𝑛𝑗 ≤ 𝐶𝑖𝑛𝑗 ≤ 𝐶𝑚𝑎𝑥

𝑖𝑛𝑗 , (49)

𝑠𝑚𝑖𝑛𝑟 ≤ 𝑠𝑟 ≤ 𝑠𝑚𝑎𝑥𝑟 , (50)

where 𝑄𝑚𝑖𝑛
𝑐 , 𝑔𝑚𝑖𝑛𝑣 , 𝐶𝑚𝑖𝑛

𝑖𝑛𝑗 , and 𝑠𝑚𝑖𝑛𝑟  are the minimum values for heat-
ing/cooling power, ventilation rate, CO2 supply rate and shading rate, 
respectively. 𝑄𝑚𝑎𝑥

𝑐 , 𝑔𝑚𝑎𝑥𝑣 , 𝐶𝑚𝑎𝑥
𝑖𝑛𝑗 , and 𝑠𝑚𝑎𝑥𝑟  set the corresponding upper 

limits.
To reduce actuator wear from frequent adjustments, the following 

constraints on the rate of change are implemented: 
|

|

𝑄𝑐 |
| ≤ 𝑘 , (51)
|

|
𝑑𝑡 |

|

1
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|

|

|

|

𝑔𝑣
𝑑𝑡

|

|

|

|

≤ 𝑘2, (52)

|

|

|

|

|

𝐶𝑖𝑛𝑗

𝑑𝑡

|

|

|

|

|

≤ 𝑘3, (53)

|

|

|

|

𝑠𝑟
𝑑𝑡

|

|

|

|

≤ 𝑘4, (54)

where 𝑘1, 𝑘2, 𝑘3, and 𝑘4 represent the maximum rates of change for 𝑄𝑐 , 
𝑔𝑣, 𝐶𝑖𝑛𝑗 , and 𝑠𝑟, respectively.

The MTC strategy is formulated as minimizing the objective func-
tion (31) with the constraints (45)–(54).

3.2. Second layer: hybrid energy system management

The second layer effectively manages the operational cost opti-
mization of the hybrid energy system by considering the dynamic 
interactions of energy flows and state of charge (SOC) within the 
system. By generating reference trajectories for SOC and power flow, it 
ensures that the system remains economically viable while adhering 
to operational constraints. This foundational management of energy 
resources prepares the system for further optimization in the next 
layer, which focuses on real-time tracking and control to ensure precise 
implementation of the strategies developed in the second layer.

3.2.1. Objective function
In this study, a strategy for minimizing the operational cost (MOC) 

is proposed, and the objective function 𝐽𝑜𝑝𝑡 is represented by: 

𝐽𝑜𝑝𝑡 = 𝐶𝑝 − 𝑅𝑠 + 𝐶𝑎 + 𝐶𝑒, (55)

where 𝐶𝑝 is the cost of purchasing electricity, 𝑅𝑠 is the revenue from 
selling electricity, 𝐶𝑎 is the cost associated with battery aging, 𝐶𝑒 is the 
carbon emissions cost. 

𝐶𝑝 = (𝑃5 + 𝑃6)𝑝𝑒, (56)

𝑅𝑠 = 𝑃4𝑝𝑓 . (57)

𝐶𝑎 = (𝛽𝑐𝑎𝑙 + 𝛽𝑐𝑦𝑐 )𝑐𝑛𝐵𝑐 , (58)

where 𝛽𝑐𝑎𝑙 is the calendar aging cost, 𝛽𝑐𝑦𝑐 signifies the cost related 
to cycle aging, 𝑐𝑛 represents the per-unit cost of battery capacity, 
encompassing both initial investment and upkeep expenses, 𝐵𝑐 is the 
battery rated capacity.

𝛽𝑐𝑎𝑙 can be calculated by [47]: 

𝛽𝑐𝑎𝑙(𝑡) = 6.6148 × 10−6 × 𝑆𝑂𝐶(𝑡) + 4.6404 × 10−6. (59)

𝛽𝑐𝑦𝑐 can be obtained by: 

𝛽𝑐𝑦𝑐 (𝑡) = ∫

𝑡𝑓

𝑡𝑖

1
𝜂𝑑
𝑃1(𝑡) + 𝜂𝑐 (𝑃2(𝑡) + 𝑃6(𝑡))

2𝐶𝑏𝐿𝑐𝑦𝑐
𝑑𝑡, (60)

where 𝐿𝑐𝑦𝑐 is the life cycle number of the battery. 

𝐶𝑒 = 𝐶𝑒𝑞𝑆𝐶𝐶, (61)

𝐶𝑒𝑞 = ∫

𝑡𝑓

𝑡𝑖
𝑒𝑓 (𝑃5(𝑡) + 𝑃6(𝑡))𝑑𝑡, (62)

where 𝐶𝑒𝑞 represents the amount of CO2-𝑒𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 emissions, while 𝑒𝑓
stands for the grid’s carbon emission factor, which reflects the carbon 
emissions per unit of electricity generated.
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3.2.2. Hybrid energy system constraints
The system constraints include the boundaries for 𝑆𝑂𝐶, a terminal 

condition for 𝑆𝑂𝐶, constraints on power flow, and the requirement for 
power balance. The 𝑆𝑂𝐶 boundary is defined as: 
𝑆𝑂𝐶𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶𝑚𝑎𝑥, (63)

where 𝑆𝑂𝐶𝑚𝑖𝑛 is the lower limit of 𝑆𝑂𝐶 of the battery, and 𝑆𝑂𝐶𝑚𝑎𝑥 is 
the upper limit of 𝑆𝑂𝐶.

The 𝑆𝑂𝐶 terminal state constraint is expressed as: 
𝑆𝑂𝐶(24) ≥ 𝑆𝑂𝐶(0). (64)

The power flow constraint is given by: 
0 ≤ 𝑃𝑖 ≤ 𝑃𝑚𝑎𝑥

𝑖 , (𝑖 = 1, 2,… , 6), (65)

where 𝑃𝑚𝑎𝑥
𝑖  is the upper limit of 𝑃𝑖.

The power balance constraint is expressed as: 
𝑃2 + 𝑃3 + 𝑃4 = 𝑃𝑝𝑣, (66)

where 𝑃𝑝𝑣 is the power generated by PVs.
The power demand of greenhouse loads 𝑃 , which is obtained from 

the upper layer optimization, needs to be met. 
𝑃1 + 𝑃3 + 𝑃5 = 𝑃 . (67)

Charging and discharging operations are mutually exclusive and 
cannot occur simultaneously. 
𝑃1𝑃2 = 0. (68)

𝑃1𝑃6 = 0. (69)

The proposed optimization approach for hybrid energy system opera-
tion aims to minimize the objective function (55), while adhering to 
constraints (63)–(69).

In this study, the proposed hybrid energy system management 
strategy is compared with a commonly used rule-based strategy for 
maximizing self-consumption of clean energy (MSC). The MSC strategy 
optimizes hybrid energy systems by prioritizing the use of local renew-
able energy and battery storage, minimizing grid reliance, and maxi-
mizing energy efficiency [48]. The pseudo-code for the MSC algorithm 
is presented in Algorithm 1.

Algorithm 1 MSC Algorithm
1: Input: PV generation, load, battery SOC 
2: if PV generation ≥ load then 
3: Use PV generation to supply load 
4: Charge battery with excess PV generation 
5: if battery full then 
6: Sell excess PV generation to the grid
7: end if
8: else 
9: Use PV generation 
10: Discharge battery to meet deficit 
11: if battery insufficient then 
12: Use grid power
13: end if
14: end if
15: Output: Optimal power flow: PV generation to load, battery 

charge/discharge, sold to the grid

3.3. Third layer: MPC controller design

MPC is a powerful tool for optimizing the operation of hybrid energy 
systems [49]. MPC can handle the dynamic nature of energy systems 
by predicting future disturbances and adjusting energy flows in real-
time [50]. By optimizing the use of PV energy, battery storage, and 
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grid power, MPC can ensure that the greenhouse has a reliable energy 
supply while minimizing operational costs and environmental impacts.

This layer employs real-time MPC to track reference trajectories 
generated by the second layer, minimizing deviations in both state 
and input variables in real-time to ensure optimal system performance. 
MPC is crucial for managing greenhouse hybrid energy systems due to 
their complexity, dynamic nature, and exposure to disturbances. MPC 
optimizes energy usage by predicting future states, efficiently using 
renewable energy, reducing operational costs, and minimizing carbon 
emissions. Its capability to manage multiple objectives, such as balanc-
ing energy supply and demand, extending battery life, and responding 
to both environmental changes and unexpected disturbances, makes 
MPC a powerful and adaptive tool. The layered structure of MPC further 
enhances control precision and coordination across different system 
components.

In this study, the continuous-time state-space model of the battery 
is given by: 

𝑥̇(𝑡) = 𝑓
(

𝑥(𝑡), 𝑢(𝑡)
)

, (70)

where the state and input vectors are defined as 
𝑥(𝑡) = SOC(𝑡),

𝑢(𝑡) =

⎡

⎢

⎢

⎢

⎢
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⎤

⎥
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⎥

⎥

⎥

⎥

⎥
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⎦

.
(71)

Based on the battery energy balance, the continuous-time state 
equation can be written as 

𝑓
(

𝑥(𝑡), 𝑢(𝑡)
)

= 1
𝐶𝑏

(

𝜂𝑐
(

𝑃2(𝑡) + 𝑃6(𝑡)
)

− 1
𝜂𝑑

𝑃1(𝑡)
)

, (72)

where 𝐶𝑏 is the battery capacity, and 𝜂𝑐 and 𝜂𝑑 are the charging 
and discharging efficiencies, respectively. To facilitate the controller 
implementation, (72) is discretized with sampling interval 𝑇𝑠 as 

𝑥(𝑘 + 1) = 𝑓𝑑
(

𝑥(𝑘), 𝑢(𝑘)
)

, (73)

where 𝑘 is the current sampling instant 𝑘𝑇𝑠, and 

𝑓𝑑
(

𝑥(𝑘), 𝑢(𝑘)
)

= 𝑥(𝑘) + 𝑇𝑠 𝑓
(

𝑥(𝑘), 𝑢(𝑘)
)

. (74)

Based on the discrete-time state-space model (73), the MPC objec-
tive function is defined as 

𝐽𝑚 =
𝑁𝑝
∑

𝑘=1

(

𝑥(𝑘) − 𝑥ref (𝑘)
)T𝑄

(

𝑥(𝑘) − 𝑥ref (𝑘)
)

+
𝑁𝑐
∑

𝑘=1

(

𝑢(𝑘) − 𝑢ref (𝑘)
)T𝑅

(

𝑢(𝑘) − 𝑢ref (𝑘)
)

,

(75)

where 𝑥(𝑘) and 𝑢(𝑘) denote the predicted state and input at the 𝑘th step 
within the prediction and control horizons, respectively.

The MPC strategy can be formulated as solving the optimization 
problem defined by the objective function (75), subject to the discrete-
time dynamics (73)–(74) and to the admissible control state space 
characterized by constraints (63)–(69). At each time step, the optimiza-
tion problem is solved over a prediction horizon; however, only the first 
control input from the optimized sequence is applied to the system. 
The process is then repeated at the next time step with updated system 
states and predictions in a receding horizon fashion. This approach 
ensures that the controller continuously adjusts to real-time system 
conditions, providing robustness and adaptability. The pseudocode for 
the MPC algorithm is shown in Algorithm 2.
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Algorithm 2 MPC algorithm
1: Initialize system state 𝑥(0)
2: for each time step 𝑡 do 
3: Measure the current system state 𝑥(𝑡)
4: Solve the optimization problem to minimize the objective 

function (75)
5: Subject to system dynamics and constraints (63) to (69)
6: Apply the first control input 𝑢∗(𝑡)
7: Discard the remaining control inputs 
8: Update the system state: 𝑥(𝑡 + 1)
9: end for

Table 1
Greenhouse system parameters.
 Parameter Value Unit Parameter Value Unit  
 𝐴𝑝𝑣 5000 m2 𝑝𝑝 3.1047 R∕kWh  
 𝐶𝑐𝑎𝑝 30000 J∕m2 ◦C 𝑟𝑏 150 s∕m  
 𝐶𝑝,𝑎𝑖𝑟 1003 J∕kg ◦C 𝑆 40709 m2  
 𝐶𝑏 1500 kWh 𝛼1 0.7 –  
 𝑐𝑛 3000 R/kWh 𝛼2 10 W∕◦C m2 
 ℎ 7 m 𝛾 0.008 –  
 𝑘 −3.7 × 10−3 ◦C−1 𝜌𝑎𝑖𝑟 1.225 kg∕m3  
 𝐿 2450 J∕g 𝜆𝑣 0.3 kW∕m3  
 𝐿𝐴𝐼 2.6 – 𝜆𝑝 0.06 W∕m3  
 𝐿𝑐𝑦𝑐 10000 – 𝜂 75 %  
 𝑝𝑔𝑐 1.8 × 10−3 m∕s ◦C1∕3 𝜂𝑐 95 %  
 𝑝𝑜 0.5157 R∕kWh 𝜂𝑑 95 %  
 𝑝𝑠 0.9446 R∕kWh 𝜂𝑝𝑣 15 %  
 SCC 900 R  

4. Simulation

4.1. Simulation data

In this study, a Venlo-type greenhouse with a total area of 40,709 
m2 and an average height of 7 m is investigated. The greenhouse is 
outfitted with 4536 SON-T lamps to provide necessary artificial light-
ing. To maintain optimal temperatures, air-to-water heat exchangers 
with a coefficient of performance of 3.5 for both heating and cooling 
are installed every 80 m3. Ventilation is provided by axial plate fans, 
each with a power output of 300 W and an airflow rate of 5000 
m3∕h. The greenhouse utilizes an OCAP (Organic CO2 for Assimilation 
by Plants) network to supply CO2 at a cost of R 1000 per ton. The 
parameters for the greenhouse system are derived from [35] and are 
presented in Table  1, while the system constraints are outlined in Table 
2. Meteorological data, obtained from a weather station located at the 
University of Pretoria (−25.75308037◦S, 28.22859001◦E). Specifically, 
weather data from August 8, 2023, is selected to represent a typical 
winter day in the region, characterized by lower ambient temperatures 
and moderate solar radiation. The weather profile is illustrated in Fig. 
7. The optimization problems are solved using the ‘fmincon’ solver 
with the sequential quadratic programming algorithm in MATLAB. The 
detailed optimization results are provided below.

4.2. Optimization of the greenhouse system

4.2.1. Results of MTC strategy
The results of the MTC strategy are shown in Fig.  8. Subplots 

(a) to (d) represent the optimized results of the control variables. 
Subplots (e) to (h) show the optimized results of environmental factors: 
temperature, relative humidity, CO2 concentration, and light intensity, 
respectively. The green, yellow, and red background colors represent 
off-peak, standard, and peak electricity price periods, respectively.

In subplot (a), it can be observed that the greenhouse only under-
goes heating without cooling. This is because the outside temperature 
is relatively low, requiring additional heat to offset the losses due to 
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Fig. 7.  Weather data for August 8, 2023.

Table 2
System constraints.
 Variable Value Unit Variable Value Unit 
 𝐶𝑚𝑎𝑥

𝑎𝑖𝑟 2000 ppm 𝑅𝐻𝑚𝑎𝑥
𝑎𝑖𝑟 90 %  

 𝐶𝑚𝑖𝑛
𝑎𝑖𝑟 400 ppm 𝑆𝑂𝐶𝑚𝑎𝑥 95 %  

 𝐶𝑚𝑎𝑥
𝑖𝑛𝑗 0.02 g∕m2 s 𝑆𝑂𝐶𝑚𝑖𝑛 10 %  

 𝐶𝑚𝑖𝑛
𝑖𝑛𝑗 0 g∕m2 s 𝑇 𝑚𝑎𝑥

𝑎𝑖𝑟 26 ◦C  
 𝑔𝑚𝑎𝑥𝑣 0.02 m∕s 𝑇 𝑚𝑖𝑛

𝑎𝑖𝑟 14 ◦C  
 𝑔𝑚𝑖𝑛𝑣 0 m∕s 𝑃 𝑚𝑎𝑥

1 700 kW  
 𝑘1 0.17 W∕m2 s 𝑃 𝑚𝑎𝑥

2 1000 kW  
 𝑘2 1.67 × 10−5 m∕s2 𝑃 𝑚𝑎𝑥

3 1000 kW  
 𝑘3 1.67 × 10−5 g∕m2 s 𝑃 𝑚𝑎𝑥

4 1000 kW  
 𝑘4 3.33 × 10−4 s−1 𝑃 𝑚𝑎𝑥

5 800 kW  
 𝑄𝑚𝑎𝑥

𝑐 200 W∕m2 𝑃 𝑚𝑎𝑥
6 500 kW  

 𝑄𝑚𝑖𝑛
𝑐 −200 W∕m2  

heat exchange with the external environment, thereby maintaining the 
greenhouse temperature within the desired range. Subplot (e) shows 
that the internal temperature of the greenhouse is lowest in the morn-
ing, close to the lower limit (14 ◦C). As heating progresses, and with the 
increase in external temperature and solar radiation, the greenhouse 
temperature gradually rises, reaching the upper limit (26 ◦C) around 
noon, after which the heating power gradually drops to zero.

Subplot (b) reveals that ventilation mainly occurs during midday 
and the afternoon, as the external temperature is higher during these 
periods, and ventilation does not lead to significant heat loss. The air 
exchange with the outside environment reduces the relative humid-
ity, as shown in subplot (f), with the lowest relative humidity levels 
occurring around noon.

From subplot (c), we see that CO2 injection occurs mainly between 
8:00 and 17:00, a period with strong sunlight, during which photo-
synthesis is most active and the crop’s CO2 absorption rate is higher 
compared to other times of the day. To reduce costs, CO2 levels are 
maintained at the lower limit (400 ppm), as observed in subplot (g).

Subplot (d) shows that shading primarily occurs around midday 
when solar radiation exceeds the lower limit (300 W∕m2). Following 
shading, the solar radiation power is maintained at the lower limit 
required for crop growth, as illustrated in subplot (h).

4.2.2. Comparison of three optimization strategies
Fig.  9 shows the comparison results between the proposed MTC 

strategy in this study and the commonly used MEC and MCE strategies 
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Table 3
Greenhouse electricity demand.
 Time Load (kW) Time Load (kW) 
 0:00–1:00 38.66 12:00–13:00 89.03  
 1:00–2:00 9.19 13:00–14:00 121.41  
 2:00–3:00 7.64 14:00–15:00 109.41  
 3:00–4:00 6.62 15:00–16:00 124.45  
 4:00–5:00 7.31 16:00–17:00 96.85  
 5:00–6:00 38.57 17:00–18:00 6.71  
 6:00–7:00 421.93 18:00–19:00 9.24  
 7:00–8:00 5.60 19:00–20:00 11.73  
 8:00–9:00 25.02 20:00–21:00 11.33  
 9:00–10:00 35.39 21:00–22:00 11.95  
 10:00–11:00 42.77 22:00–23:00 12.26  
 11:00–12:00 62.42 23:00–24:00 11.87  

in previous research. From subplot (a), it can be observed that the 
MEC strategy has the lowest energy consumption (1290.27 kWh), 
followed by the MTC strategy (1317.35 kWh), with the MCE strategy 
having the highest energy consumption (1542.50 kWh). However, the 
energy consumption for both the MEC and MTC strategies is mainly 
concentrated during periods with higher electricity prices, such as peak 
and standard periods, while the energy consumption during the lower-
cost off-peak period is relatively low. As a result, although the MEC 
and MTC strategies have lower total energy consumption, their energy 
costs are higher than those of the MCE strategy.

As shown in subplot (b), the energy cost for the MCE strategy is 
R1986.44, which is lower compared to the MEC strategy (R2218.57) 
and the MTC strategy (R2199.70), with a reduction of approximately 
10.47% and 9.61%, respectively. This illustrates that the load shifting 
employed in the MCE strategy effectively reduces energy costs despite 
the higher energy consumption.

From subplot (c), we can find that the total cost of the MTC 
strategy (R4320.82) is significantly lower compared to the MEC strat-
egy (R22743.70) and the MCE strategy (R23105.46), with reductions 
of 81.01% and 81.31%, respectively. The reason for this drastic re-
duction is that the MTC strategy takes a comprehensive approach 
by considering not only energy costs but also CO2 supply costs and 
carbon emission costs. By integrating all these factors, the MTC strategy 
outperforms both the MEC and MCE strategies in terms of overall 
economic efficiency. Therefore, compared with conventional MEC and 
MCE strategies that do not explicitly take the EWCF nexus into account, 
using the proposed MTC strategy can substantially reduce the over-
all greenhouse operational cost while maintaining comparable energy 
consumption.

4.3. Optimization of the hybrid energy system

In this study, the electricity demand shown in Table  3, calculated 
using the MTC strategy, is adopted as the reference for energy supply. 
This approach ensures that the energy supply aligns with the de-
mand projections optimized for cost efficiency, providing a structured 
framework for managing energy resources effectively.

4.3.1. Results of the MOC strategy
Fig.  10 shows the results of the MOC strategy. The power flows from 

the PV system, battery, and grid are dynamically adjusted throughout 
the day. In the early morning, the system relies on battery power (𝑃1) 
and grid power (𝑃5) to meet greenhouse demand, while during the 
midday, solar power (𝑃3) is predominantly used to supply the green-
house, with excess energy either charging the battery (𝑃2) or being fed 
back into the grid (𝑃4). At night, the battery charges from the grid (𝑃6) 
during low price periods, preparing for use during peak demand. This 
strategy ensures the system optimizes energy usage, reduces reliance 
on high-cost grid electricity, and maximizes cost savings.

Fig.  11 shows the battery SOC optimization results. During the 
early morning (00:00–07:00), the battery discharges to the greenhouse 
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Fig. 8.  Results of MTC strategy.
Fig. 9. Comparison of three greenhouse operation optimization strategies.
Fig. 10.  Operation optimization results of hybrid energy systems.
(−𝑃1), causing the SOC to drop from around 60% to approximately 
30%. This discharge reduces reliance on grid electricity during peak 
hours, minimizing costs. In the afternoon period (14:00–18:00), the 
battery recharges from the PV system (𝑃2), gradually restoring the SOC 
to about 60%. This strategy optimizes battery usage by prioritizing 
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discharging during peak periods (6:00–7:00) and charging when solar 
or grid electricity is most economical, effectively reducing the total 
operational costs while maintaining a balanced SOC.

Fig.  12 shows the power flow distribution for 𝑃1, 𝑃3, and 𝑃5 across 
different pricing periods. For 𝑃 , the majority of power consumption 
1
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Fig. 11.  Battery SOC optimization results.

Fig. 12.  Power flow distribution during different periods.

occurs during the peak period (73%), with smaller proportions during 
the standard (6%) and off-peak (21%) periods, indicating a higher cost 
associated with energy usage. For 𝑃3, the PV supply to the greenhouse, 
occurs mainly in the standard period (94%), with minimal use during 
peak. For 𝑃5, all energy consumption occurs during the off-peak period, 
showing a cost-effective strategy that maximizes savings by avoiding 
peak and standard periods.

Fig.  13 illustrates the real-time energy allocation under different op-
erating conditions. To make the analysis clearer, three typical scenarios 
are defined based on the time-of-use electricity price, PV availabil-
ity, and the greenhouse load profile over a typical day. Scenario 1 
(06:00–08:00) represents the morning peak-load and peak-price period, 
during which most of the greenhouse demand is supplied by the battery 
𝑃1, significantly reducing grid consumption. Scenario 2 (08:00–19:00) 
corresponds to the daytime high-irradiance period, where PV power 
𝑃3 becomes the dominant source and the surplus PV is used to charge 
the battery 𝑃2 or is sold back to the grid 𝑃4 (see Fig.  10). Scenario 3 
(19:00–24:00 and 0:00–06:00) covers the off-peak night period without 
solar generation, in which the grid 𝑃6 is mainly used to recharge the 
battery at low prices, while the small residual load is directly supplied 
by the grid 𝑃5 when needed. These figures clearly illustrate how the 
proposed strategy reallocates energy among the PV system, battery, and 
grid in real time under these three scenarios.

4.3.2. Comparison between MOC and MSC
Fig.  14 shows the results of the MSC strategy. It can be observed 

that the power from the battery to the greenhouse (𝑃 ) peaks at 7:00, 
1
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Fig. 13.  Real-time energy allocation under different operating scenarios.

indicating the system is utilizing stored energy during the early morn-
ing. Between 10:00 and 16:00, the PV system provides power directly 
to the greenhouse (𝑃3) and charges the battery (𝑃2), with excess energy 
being exported to the grid (𝑃4). It indicates that the MSC strategy 
effectively maximizes self-consumption of solar energy during daylight 
hours, reducing reliance on the grid. By charging the battery during 
periods of excess PV generation, the system ensures sufficient energy 
is available for nighttime use, enhancing overall energy efficiency and 
reducing operational costs.

Fig.  15 illustrates a comparison between the proposed MOC and 
MSC strategies. The MOC strategy achieves a slightly lower clean 
energy SCR of 59.78% compared to the MSC strategy’s 77.80%. Con-
sequently, the MOC strategy results in a marginal increase in carbon 
emissions, with 13.00 kg of emissions and a carbon emission cost of 
R11.70, while the MSC strategy achieves zero carbon emissions and 
incurs no related costs. However, the MOC strategy demonstrates a 
clear advantage in terms of overall cost efficiency. Its energy cost 
is −R446.69, indicating that revenues from electricity sales exceed 
purchase costs, whereas the MSC strategy shows a lower energy cost 
savings of −R259.42. The battery aging cost under the MOC strat-
egy is lower at R2754.10, while the MSC strategy incurs a higher 
battery aging cost of R3249.30. Despite the MOC strategy’s slightly 
higher carbon emissions and lower SCR, it provides a more economical 
solution by effectively reducing overall costs. This balance of cost 
reduction while still maintaining a reasonable level of clean energy 
self-consumption highlights the practicality of the MOC strategy for 
cost-conscious operations.

4.4. Control of the hybrid energy system

To address the solar power generation fluctuations and load demand 
variations, an MPC approach is proposed to manage the hybrid energy 
system, ensuring a balanced power supply and demand. The optimal 
operation of the hybrid energy system produces the SOC, which serves 
as the reference trajectory that MPC is designed to follow. Furthermore, 
the optimized values of 𝑃1, 𝑃2, 𝑃3, 𝑃4, 𝑃5, and 𝑃6 are used as reference 
trajectories for the control inputs.

4.4.1. Control parameters setting
For MPC, the prediction horizon 𝑁𝑝 and control horizon 𝑁𝑐 are 

both set to 10. The weighting matrix 𝑄 = Diag(50), and the weighting 
matrix 𝑅 = Diag(50, 50, 50, 50, 50, 50). This approach ensures precise 
control, maintaining system stability while efficiently balancing supply 
and demand. The load demand and PV generation disturbances can be 
introduced using random fluctuations, for example, a 10% load demand 
disturbance can be simulated with the formula: 𝑃 = 𝑃 × (1+0.1×
𝑙𝑜𝑎𝑑 𝑙𝑜𝑎𝑑



D. Lin et al. Energy 347 (2026) 140421 
Fig. 14.  Results of MSC strategy.
Fig. 15.  Comparison between MOC and MSC strategy.

(2×𝑟𝑎𝑛𝑑(1, 24)−1)). Similarly, 20% and 30% disturbances can be applied 
using the same method by adjusting the disturbance factor to 0.2 or 0.3, 
respectively.

4.4.2. Comparison between MPC and open loop control
Fig.  16 compares the performance of MPC and commonly used open 

loop control under 10%, 20%, and 30% disturbances. The reference 
trajectory represents the load demand, with green representing power 
provided under the MPC and red representing power provided under 
the open loop control. Across all disturbance levels, MPC more closely 
follows the reference trajectory. As the disturbance increases, the de-
viation in open loop control grows more significant, particularly with 
a larger overshoot at the 30% disturbance level. In contrast, the MPC 
maintains better tracking accuracy, demonstrating its robustness and 
superior control in handling load disturbances compared to the open 
loop control.

4.5. Discussion

This study proposed an integrated optimization and control frame-
work for managing greenhouse operations and hybrid energy systems 
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dispatch. The results demonstrate that the MTC strategy, which si-
multaneously accounts for energy consumption, CO2 supply, and CO2
emissions, significantly outperforms strategies that focus solely on min-
imizing energy consumption or cost. By considering these interrelated 
factors, the proposed strategy effectively reduced both operational costs 
and carbon emissions while maintaining optimal conditions for plant 
growth.

For hybrid energy system scheduling, the MOC strategy, which in-
corporates battery aging costs alongside electricity purchase and sales, 
proved to be more cost-effective than the MSC strategy, which focuses 
primarily on energy consumption. The MOC strategy efficiently utilized 
renewable energy sources and extended battery life, demonstrating 
the importance of considering long-term cost factors. While the MSC 
strategy reduces reliance on the grid and lowers carbon emissions, it 
does not offer the comprehensive economic benefits of the proposed 
MOC strategy.

The MPC strategy showed robustness under various disturbance 
scenarios, maintaining system stability and offering better performance 
compared to an open loop control strategy. This underscores the ro-
bustness of the MPC in addressing uncertainties and strengthens its 
potential for greenhouse energy system optimization when coupled 
with renewable energy sources and carbon emissions management.

5. Conclusion

This study proposes a hierarchical model predictive control (MPC) 
framework for grid-connected PV battery systems in greenhouse envi-
ronments, taking into account the energy-water-carbon-food (EWCF) 
nexus. The framework comprises three coordinated layers: a green-
house operation optimization layer, a hybrid energy system manage-
ment layer, and a real-time control layer. The key findings are summa-
rized as follows:

(1) The MCE strategy, which considered time-of-use tariffs and shif-
ted greenhouse load demand from high-price to low-price peri-
ods, increased energy consumption by 19.58% (1542.50 kWh vs. 
1290.27 kWh) but reduced energy costs by 10.48% (R1986.44 vs. 
R2218.57) compared to the MEC strategy. These results demon-
strate that cost-oriented energy scheduling can yield economic 
benefits, even with higher consumption levels.

(2) The MTC strategy, which simultaneously considers energy con-
sumption, CO2 supply and carbon emissions, achieved the lowest 
total cost and the best overall economic performance among the 
three greenhouse optimization strategies. The total cost under the 
MTC strategy (R4320.82) was reduced by 81.01% and 81.31% 
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Fig. 16.  Comparison of MPC and open loop control under different load disturbances.
compared with the MEC (R22743.70) and MCE (R23105.46) 
strategies, respectively. These results indicate that the MTC strat-
egy provides a much more cost-effective approach to greenhouse 
operation than conventional MEC and MCE strategies.

(3) The MOC strategy, which incorporates battery aging and elec-
tricity purchase and sale costs, proved to be more cost-effective 
than the MSC strategy (R2319.10 vs. R2989.89). By optimiz-
ing renewable energy use and extending battery life, the MOC 
strategy balances immediate energy demands with long-term eco-
nomic efficiency. In contrast, while the MSC strategy reduces grid 
reliance and carbon emissions, it does not provide equivalent 
economic benefits, highlighting the trade-off between immediate 
cost savings and the overall optimization of energy use and costs.

(4) MPC effectively tracked the reference trajectory, while open loop 
control exhibited significant deviations that increased with distur-
bance intensity. This highlights the robustness of MPC in handling 
uncertainties and underscores its potential to optimize green-
house energy systems, making it a reliable choice for enhancing 
both performance and sustainability.

Future work will focus on the following directions: first, developing 
data-driven models for greenhouse systems to improve the accuracy 
and adaptability of optimization and control strategies; second, inte-
grating additional renewable energy sources such as wind and biomass 
to enhance the sustainability and resilience of the energy system; and 
finally, conducting comprehensive uncertainty analyses to improve the 
robustness of the proposed framework and ensure reliable performance 
under real-world operating conditions.
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