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Abstract—With advances in modern agricultural parks, 

the rural energy structure has undergone profound 

change, leading to the emergence of an agricultural en-

ergy internet. This integrated system combines agricul-

tural energy utilization, the information internet, and 

agricultural production. Accordingly, this study proposes 

a regulation flexibility assessment approach and optimal 

aggregation strategy of greenhouse loads (GHLs) for 

modern agricultural parks. First, taking into ac-count the 

operational characteristics of typical GHLs, refined load 

demand models for lighting, humidification, and temper-

ature-controlled loads are established. Secondly, the re-

cursive least squares method-based parameter identifica-

tion method is designed to accurately determine key GHL 

model parameters. Finally, based on the regulation flexi-

bility of quantitatively evaluated GHLs, GHLs are opti-

mally aggregated into multiple flexible aggregators con-

sidering minimal operational cost and greenhouse envi-

ronmental constraints. The results indicate that the pro-

posed regulation flexibility assessment approach and 

optimal aggregation strategy of GHLs can alleviate the 

peak regulation pressure on power grids by flexibly 

shifting the load demands of GHLs. 

Index Terms—Agricultural park, greenhouse load; 

parameter identification, regulation flexibility, optimal 

aggregation of GHLs. 

 

Ⅰ.   INTRODUCTION 

ural power grids serve as crucial links connecting the 

supply and demand sides of rural energy, and play a 

significant role in the development of a low-carbon 

countryside [1]. The agricultural energy internet (AEI) 

integrates agricultural energy with the Internet and pro-

motes agricultural electrification in the countryside [2]. It 

also provides real-time regulation of light, temperature, 

and humidity environments in agricultural parks via 
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electrical facilities such as LED lighting, electric heating 

panels, pumps, and ventilators to achieve a deep coupling 

between agriculture and energy [3][5]. With the con-

tinuous development and extension of AEI, the electric-

ity load in rural areas experiences continuous growth 

with noticeable peaks and valleys, presenting a signifi-

cant challenge to power systems [6]. Hence, research is 

being under-taken to fully exploit the regulation potential 

of rural energy and integrate the operation of agricultural 

flexible loads with AEI [7]. 

However, current studies on the participation of 

flexible loads in grid dispatch are primarily focused on 

the analysis of the regulation potential of urban loads. 

Reference [8] establishes a physical model of the 

equivalent thermal parameters of residential air condi-

tioning loads, and evaluates the maximum regulation 

potential of aggregated air conditioning loads based on 

an improved discrete particle swarm algorithm. In [9], a 

constant current-voltage variable power model is in-

troduced to describe the charging and discharging pro-

cesses of electric vehicles and a regulation potential 

assessment method is proposed that accounts for the 

difference in dispatch and user-side demand. Reference 

[10] considers air conditioning loads and electric vehi-

cles. These account for a relatively large share of resi-

dential electricity loads. It takes them as re-search ob-

jects and develops mathematical models in terms of user 

comfort and physical levels to fully exploit the regula-

tion potential of flexible demand-side loads. In [11], the 

effectiveness of flexible loads in reducing 

peak-to-valley amplitude and volatility is verified by 

using the “source-load-storage” collaborative response 

distribution optimization method. In [12], a model is 

proposed for evaluating the regulation potential of 

electric vehicles based on the analysis of power con-

straints and the vehicles’ available capacity. Reference 

[13] models air conditioning systems as virtual energy 

storage systems and analyzes the control mode and 

regulation strategy for the participation of air condi-

tioning systems in demand response. 

Similar to flexible loads in urban areas, agricultural 

loads are controllable. Reference [14] proposes a basic 

framework for the participation of agricultural loads in 

R 



XIA et al.: REGULATION FLEXIBILITY ASSESSMENT AND OPTIMAL AGGREGATION STRATEGY... 99 

grid dispatch considering grid demand, response market 

mechanisms, and load characteristics, with several 

factors limiting the participation of agricultural loads in 

demand response mechanisms deemed as entry points. 

In [15], the impact of time-shifted characteristics of 

agricultural loads on the scale of investment in renew-

able energy systems is discussed based on a stochastic 

scenario planning model. [16] evaluates the regulation 

potential of agricultural loads in the power system by 

collecting historical data from Gujarat, India, using crop 

irrigation loads as an example. However, agricultural 

loads are significantly different from the urban load. This 

difference is mainly in the deep coupling between energy 

and agricultural production. Agricultural control loads 

such as LEDs, heaters, etc. change the agricultural envi-

ronment by using energy for generating heat, light, and 

humidity, etc., and different types of environmental con-

trol loads will have varied impacts on the agricultural 

system [17]. Taking the example of the greenhouse in 

crop production, the temperature-controlled loads are 

affected by many factors, such as light intensity, crop 

types, crop growth period, etc., making their modeling 

more complex than urban loads [18]. Consequently, the 

uniqueness of agricultural loads makes the existing 

technology inapplicable. Therefore it is necessary to study 

the modeling and scheduling of agricultural load flexibil-

ity, and to fully explore their flexible regulation ability. 

With the rapid development of agricultural modern-

ization, many studies have been carried out on green-

house modeling and energy consumption. In [19], a 

dynamic response model of plant growth and green-

house temperature is established by using a non-linear 

autoregressive neural network, and the validity of the 

model is verified using a non-destructive continuous 

system based on weighing sensors in 60 days of 

greenhouse cultivation. [20] constructs an adaptive 

model of greenhouse ambient temperature based on 

parameter identification. It characterizes the nonlinear 

and time-varying correlation between natural ventila-

tion and temperature, and realizes adaptive control of 

loads using the identification toolbox. From the char-

acteristics of an agricultural greenhouse, [21] analyzes 

the time-lapse characteristics of agricultural loads, and 

establishes the electricity, heat and multi-energy 

scheduling model of microgrids for economic operation. 

[22] proposes a solar soil heat storage system for 

greenhouse heating, one which uses the solar energy 

stored in greenhouse soil to heat the greenhouse, so as to 

reduce the energy demand of temperature-controlled 

loads in extreme weather and alleviate the heat supply 

and demand imbalance in summer and winter. Refer-

ence [23] combines photovoltaic power generation with 

a tomato greenhouse cogeneration system. Through 

technical and economic analysis, it is found that the 

system can not only meet 73% of the heat demand of the 

greenhouse but also provide 2.6 times the net power 

output, which greatly improves energy efficiency. 

From existing studies, although good accuracy has 

been achieved in the greenhouse model, two limitations 

still exist. First, the dynamic impact of agricultural loads 

on the greenhouse environment is not considered in the 

models, so they fail to reflect the flexibility characteris-

tics. Secondly, current research on the modes and strat-

egies for agricultural load participation in agricultural 

energy dispatch is relatively limited. Flexible loads are 

optimally regulated after single aggregation in typical 

long-time scale scenarios, aiming for optimal economic 

operational cost [24], maximum new energy consump-

tion [25], highest customer satisfaction [26], etc. Con-

versely, for agricultural loads, because of a variety of 

loads and large variability in resource characteristics 

[27], the use of a global integration optimization method 

in-creases the complexity and solution time. 

To address the above challenges, this study considers 

greenhouse loads (GHLs) in agricultural parks as the 

research object, establishes a refined model for various 

types of GHLs, and proposes a model parameter iden-

tification method based on a recursive least squares 

(RLS) strategy. By quantitatively calculating the regu-

lation potential of each type, the GHLs are optimally 

aggregated into a certain number of aggregators in terms 

of the lowest regulation cost, and the configured ag-

gregators are called in order of priority during intra-day 

operation to satisfy the grid side regulation demand. 

The innovatory aspects of this study can be summa-

rized as follows: 

1) With agricultural energy endowment, the 
time-shift energy consumption characteristics of GHLs 

are analyzed, and the load demand models of lighting 

load (LL), humidification load (HL), and temperature-

controlled load (TL) are established for regulation 

flexibility assessment. 
2) An RLS strategy-based parameter identification 

method is designed to accurately determine key GHL 

model parameters, and parameter sensitivity analysis is 

also conducted to adjust the load control cycles of GHLs. 

3) GHLs are optimally aggregated into multiple 

flexible aggregators while considering minimal opera-

tional cost and greenhouse environmental constraints, 

and the case study verifies the effectiveness of the 
proposed optimal GHL aggregation strategy. 

The remainder of this paper is organized as follows. 

Section Ⅱ presents the flexible characteristics of GHLs 

and establishes the load demand models. Section Ⅲ 

proposes a parameter identification method based on 

RLS. Section Ⅳ proposes a calculation method for the 

regulation potential of GHLs and establishes the opti-

mization aggregation model. Section Ⅴ considers a 

modern agricultural park in December as an example to 

analyse the results. Section Ⅵ presents the main con-

clusions of the paper. 
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Ⅱ.   CHARACTERIZATION AND MODELING OF GHLS 

A. Load Characteristics and Classification 

GHLs can be classified into four categories according 

to their regulation characteristics relating to electrical 

energy [28]: 1) interruptible loads (IL), such as cleaning 

equipment, submersible pumps, and negative air pres-

sure machines; 2) shiftable loads (SL), such as LEDs, 

and agricultural tram charging and discharging; 3) cur-

tailable loads (CL), such as carbon crystal electric 

heating panels and panning water sprinklers; and 4) 

uncontrollable loads (UL), such as ventilation fans and 

monitoring systems. 

The classification and characteristics of common 

GHLs are presented in Table Ⅰ. 

TABLE Ⅰ 

CHARACTERISTICS OF EACH LOAD IN THE GREENHOUSE 

Load type Use Use time 
Cate-

gory 

Power 

(kW) 
Load type Use Use time 

Cate-

gory 

Power 

(kW) 

Microwave 

sulfur lamp 

Light  

supplementation 
10 h per day IL SL 3.4 

Organic fertilizer 

dispenser 

Fertilizer ap-

plication 
09:0021:00 IL SL 2.7 

Sound wave 

booster 
Yield increase 06:0020:00 IL SL 3.2 Nutrient sterilizer Fungicide 09:0021:00 IL SL 2.5 

Negative air 

pressure machine 
Ventilation 06:0021:00 IL 3.5 

Submersible 

pump 
Water pumping 00:0024:00 IL SL 3.9 

Circulating 

ventilator 
Ventilation 06:0021:00 IL 2.9 

Panning water 

sprinkler 

Irrigation & 

Humidification 
09:0021:00 CL IL 3 

Water & Ferti-

lizer integration 

Fertilization & 

Irrigation 
09:0021:00 IL 2 

Carbon crystal 

electric heating 

panel 
Heating up 00:0024:00 CL IL 10 

Electric shock 

insecticidal lamp 
Insecticide 09:0021:00 IL SL 2 

Far infrared  

heating 
Keeping warm 20:0006:00 CL IL 6.7 

Plasma nitrogen 

fixation 

Fertilizer 

supplementation 
09:0021:00 IL SL 2.9 

Space electric 

field 

Purification & 

yield increase 
00:0024:00 IL SL 3 

Fans coil Cooling 00:0024:00 CL IL 6.2 Agricultural tram 
Transporting 

seeds 
00:0024:00 SL 35 

LED lighting 
Light 

supplementation 
06:0021:00 IL SL 3 Ventilation fan Aeration 00:0024:00 UL 3 

Cleaning 

equipment 
Cleaning 08:0021:00 IL 4 

Monitoring 

system 
Control 00:0024:00 UL 1.5 

B. Load Modeling 

1) Lighting Load Model 
LL primarily provides crops with the necessary light 

intensity, which can be modeled as [29]: 

gh 0 1 2

light e

light

( ) ( )
S C C

P t I t



                    (1) 

set out

e

light

( )
( ) 1000

I I t
I t

k


                   (2) 

where light ( )P t  is the power of LL at time t; ghS  is the 

total area of the greenhouse; 0  is the luminous flux per 

unit area; 1C  and 2C  are correction coefficients; light  is 

the electrical conversion efficiency of LL; e ( )I t  is the 

average illuminance at time t; which can be expressed 

using the unit capacity method [30]; setI  is the indoor set 

light intensity;   is the light transmission rate of the 

greenhouse; out ( )I t  is the outdoor radiation flux at time t; 

and lightk  is the illuminance conversion factor. 

2) Humidification Load Model 

Humidity is an extremely important influencing fac-

tor in the environment of greenhouses, and is primarily 

affected by three components: water vapor evaporated 

from the soil surface, water vapor lost from ventilation, 

and water vapor generated from HL. Therefore the 

following humidity balance model can be established: 

pen pen pen in in

in soil air

( ) ( ) [ '( ( )) ( ( ))]

( ) ( ) ( )

H t s t m e T t e T t

H t H t H t

  

 
      (3) 

where pen ( )H t  is the water vapor generated by the HL; 

pens  is the operating state of the HL; penm  is the spray 

volume of HL per unit time;   is the influence coeffi-
cient of the difference in water vapor pressure in the 

room on the rate of water evaporation; in ( )T t  is the in-

door temperature at time t; in'( ( ))e T t  is the saturation 

water vapor pressure at inT ; in( ( ))e T t  is the actual water 

vapor pressure; in ( )H t  is the humidity in the greenhouse; 

soil ( )H t  is the water vapor evaporated from the soil sur-

face; and air ( )H t  is the water vapor lost by ventilation. 

in ( )H t  can be expressed as: 

in
in avg

d ( )
( )

d

x t
H t h

t
                           (4) 

in in in in in in

in

in
in 0

in in

( ) ( ( )) ( ) '( ( )) ( )
( )

17.27 ( )
( ) exp

( ) 237.3 ( )

M
x t x T t h t e T t h t

AT t

T tM
h t e

AT t T t
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 
 

 

   (5) 
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where avgh  is the average height of the greenhouse; 

in ( )h t  is the relative humidity of the greenhouse; in ( )x t  

is the indoor water vapor density; in in( ( ))x T t  is the sat-

urated water vapor density when the greenhouse tem-

perature is niT ; M is the molar mass of water, A is the 

ideal gas constant; and 0e  is the saturated water vapor 

pressure when the indoor temperature is 0 °C. 

soil ( )H t  can be expressed as: 

soil n

soil soil in in

h

1.86 ( ) ( )
( ) [ '( ( )) ( ( ))]

iT t T t
H t S e T t e T t

v





   

(6) 

where soilS  is the greenhouse soil area;   is the relative 

ground moisture; soil ( )T t  is the soil surface temperature; 

hv  is the latent heat of evaporation; and   is the energy 

factor for water evaporation. 

air ( )H t  primarily includes two components, natural 

ventilation nH  and fan ventilation fH  [31], and can be 

expressed as: 

air n f

n in out f in out

( ) ( ) ( )

( )( ( ) ( )) ( )( ( ) ( ))

H t H t H t

G t x t x t G t x t x t
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where n ( )G t  is the natural ventilation rate of the 

greenhouse; f ( )G t  is the fan ventilation rate; out ( )x t  is 

the outdoor water vapor density; winS  is the greenhouse 

window area;   is the greenhouse window opening 

angle; g  is the acceleration due to gravity; winh  is the 

vertical height of the skylight; oC  is the flow coeffi-

cient; nC  is the integrated wind pressure coefficient; 

and 
out ( )W t  is the outdoor wind speed. 

In summary, the model of HLs such as sprayers can 

be expressed as: 

in soil air

pen pen pen pen
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where pen ( )P t  is the actual power of the HL; penP  is the 

rated power of the HL; pen ( )s t  is the operating state of 

TL; whereas pen ( )s t  is 1 and 0 imply that the TL is online 

and offline, respectively; and   is the sampling interval. 

3) Temperature-controlled Load Model 
Greenhouse temperature is primarily influenced by 

solar radiation, heat exchange with external ventilation, 

and heating equipment. According to the energy balance, 

the TL model can be established as follows: 

in
gh air rad air heat

d ( )
( ) ( ) ( )

d

T t
V C Q t Q t Q t

t
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where ghV  is the greenhouse volume;   is the density 

of greenhouse air; rad ( )Q t  is the heat from solar radia-

tion; air ( )Q t  is the heat from ventilation exchange; 

heat ( )Q t  is the heat from TL; mS  is the greenhouse 

cover area; r  is the total material light transmission; 

o  is the density of outdoor air; airC  is the specific heat 

capacity of air; heatP  is the rated power of TL; heat  is 

the energy efficiency ratio; and 
heat ( )s t  is the operating 

state of the TL, whereas 
heat ( )s t  is 1 and 0 imply that the 

TL is in and out of operation, respectively. 
From the growth characteristics of different crops, TL 

can realize indoor temperature control by relative state 

start/stop as follows: 

in in,max

heat in in,min

heat

0,                ( )

( ) 1,                 ( )

( ),   others

T t T

s t T t T

s t 




 
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≥
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heat heat heat( ) ( )P t P s t                     (16) 

For other flexible loads such as plasma nitrogen fixa-

tion, and with nutrient sterilizer, the load power is the 

rated power. Hence, they are not modeled separately. 

Ⅲ.   PARAMETER IDENTIFICATION BASED ON RLS 

The majority of the parameters in the aforementioned 

load models can be obtained by sensors and regional 

meteorological data. However, the direct determination 

of some building thermodynamic and crop state pa-

rameters in the HL and TL models is difficult. Therefore, 

this section proposes a parameter identification method 

for HLs and TLs based on RLS. 

A. Parameter Identification Models 

1) Parameter Identification of HL 

Humidity variation can be obtained by integrating (9) 

from pt  to qt  and separating the constant parameters 

from the time-varying parameters, as: 
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where penN  is the number of HLs. 

Assuming the sampling interval of each data to be  , 

the parameter identification expression of HLs can be 

obtained by discretizing (17) as: 

1 1 H 2 2 3 3 4 4 5 5( )K X t Y K X K X K X K X       (18) 

where the parameters and variables to be solved are as 

(19) and (20), respectively: 
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where fs  is the operating status of the fan; 
fW  is the 

wind speed of the fan; the values of inx , inh , outx , inT , 

outT , soilT , and outW  can be obtained from sensors and 

basic meteorological data, whereas the values of penN  

and fs  can be obtained from the equipment operational 

data. Therefore, K1K4 are the parameters to be iden-

tified. 

2) Parameter Identification of TL 

The temperature change equilibrium can be ex-

pressed by integrating Eqs. (11)(15) from pt  to qt  as: 
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Assuming the sampling interval of each data to be ε, 
the parameter identification expression of TLs can be 

obtained by discretizing (21) as follows: 

T 1 1 2 2 3 3 4 4 5 5Y M Z M Z M Z M Z M Z        (22) 

where the parameters to be determined are shown in (23) 

and the variables are presented by (24): 

m
1

gh air

win o

2

gh

win o n

3

gh

f
4

gh

5

air gh

sin
2

sin
2

1

rS
M

V C

S C gh
M

V

S C C
M

V
P

M
V

M
C V























 

 

  

                           (23) 

1

1

1

1

1

T in in

1 out

2

in out

2

out

2

3 out in out

4 f f in out

5 heat heat heat

[ ( ) ( )]

( )

[ ( ) ( )]

2

( )[ ( ) ( )]

( ) ( )[ ( ) ( )]

( )

q

p

q

p

q

p

q

p

q

p

q p
t

t t
t

t t
t

t t
t

t t
t

t t

Y T t T t

Z I t

T t T t
Z

T

Z W t x t x t

Z s t W t x t x t

Z P s t









 





















 




 




  


  


 












      (24) 

where the values of outI , inx , inh , outx , inT , outT , soilT , 

and outW  can be obtained from sensors and basic mete-

orological data, whereas the values of heats  and fs  can 

be obtained from equipment operational data. Therefore, 

M1M5 are the parameters to be identified. 

B. Recursive Least Squares 

The least squares (LS) method is commonly used for 

parameter identification [32]. However, as the dimen-

sionality of the identified parameters increases, LS 

suffers from data saturation. Therefore, in this paper, a 

forgetting factor λ is introduced in the recursive formula 

to effectively deal with this problem. For 

  T 1( ( ) ( )) ,k k k P φ φ  the corresponding recursive 

formula is expressed as: 

 

T

T

T
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θ θ K y φ θ

P φ
K

φ P φ

P K φ P

(25) 

where ( )kθ  is the new parameter identification vector; 

( 1)k θ  is the previous recursive parameter identifica-

tion vector; ( )kK  is the gain vector; ( )ky  is the output 

vector; ( )k  is the input vector; ( )kP  is the interme-

diate vector of correction; and λ is the forgetting factor 

with values most commonly between 0.9 and 1.0. 
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Applying RLS to model the parameter identification of 

the HL and TL, the corresponding linear equations are: 

For HL: 
T

pen 1 2 3 4( ) [ ( ) ( ) ( ) ( ) 1]k k k k kθ K K K K   (26) 

T

pen 1 2 3 4 5( ) [ ( ) ( ) ( ) ( ) ( )]k X k X k X k X k X kφ (27) 

T

pen H pen pen( ) ( ) ( ) ( )k Y k k k y φ θ            (28) 

For TL: 
T

heat 1 2 3 4 5( ) [ ( )  ( )  ( )  ( )  ( )]k M k M k M k M k M kθ (29) 

T

heat 1 2 3 4 5( ) [ ( )  ( )  ( )  ( )  ( )]k Z k Z k Z k Z k Z kφ (30) 

T

heat T heat heat( ) ( ) ( ) ( )y k Y k k k φ θ           (31) 

Ⅳ.   OPTIMAL AGGREGATION MODEL FOR GHLS 

The load characteristics of GHLs vary significantly 

based on the different types of greenhouse crops. Per-

forming a single aggregation for all GHLs at longer time 

scales increases algorithm complexity and solution time, 

resulting in the park’s inability to provide continuous 

and reliable responses. Therefore, this paper proposes a 

calculation method for the regulation potential of GHLs 

and establishes the optimization aggregation model 

considering the day-ahead optimization aggregation of 

GHLs as an example. 

A. Assessment of Load Regulation Potential 

1) Regulation Potential Model of LL 

Whether the LL has regulation potential at a certain 

moment can be determined by the daily light integral 

(DLI) as follows: 

light light light

out 6
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(32) 
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where lights  is the operating state of the LL; minDLI  is 

the DLI boundary threshold and light,re

iC  is the regulation 

capacity of the nth LL.  

Accordingly, the maximum regulation capacity of the 

LL in the agricultural park is: 

 
light

light,re light,re

1

( )

N

n

n

C t C


                     (34) 

where lightN  is the number of LLs. 

2) Regulation Potential Model of HL 

An HL can achieve rapid load reduction by appro-

priately varying the humidity setting value without 

affecting the crop-growing conditions [33]. Indoor and 

outdoor temperatures, outdoor water vapor density, soil 

temperature, and outdoor wind speed are assumed to be 

constant during the regulation time period. Based on 

(17)–(20), the switching time of the HL from xin1 to 

xin2 can be calculated using (35) and (36). 
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              (36) 

where pen,on  and pen,off  are the operating and closing 

times of the HL, respectively. Based on the humidity 

setting range  min max,x x , the maximum continuous 

operating time pen,on min max( , )x x , and the maximum 

continuous closing time pen,off min max( , )x x , the control 

cycle pen,c  is: 

 pen,c pen,on pen,off                      (37) 

The maximum regulation capacity of HLs can thus be 
calculated as: 

 
pen,off

pen,re pen pen

pen,c

( )C t N P



              (38) 

3) Regulation Potential Model of TL 
Similar to HL, a TL can also achieve rapid load re-

duction by appropriately varying the temperature setting 

value [34]. The outdoor temperature, outdoor radiation 

flux, indoor and outdoor water vapor densities, and 
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outdoor wind speed are assumed to be constant during 

temperature regulation. Based on (21)(24), the 
switching time of TL from 1T  to 2T  can be calculated 

using (39) and (40). 
2
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where 
heat,on  and 

heat,off  are the operating and closing 

times of the TL, respectively. Based on the temperature 

setting range  min max,T T , the maximum continuous 

operating time 
heat,on min max( , )T T , and the maximum 

continuous closing time 
heat,off min max( , )T T , the control 

cycle heat,c  is: 

 
heat,c heat,on heat,off                     (41) 

The maximum regulation capacity of the TLs can 

thus be calculated as: 

 
heat,off

heat,re heat heat

heat,c

( )C t N P



             (42) 

where heatN  is the number of TLs. 

4) Response Potential Model of Other Loads 
Agricultural greenhouses contain not only LLs, HLs, 

and TLs but also many other flexible loads, such as 

submersible pumps, plasma nitrogen fixation, water and 

fertilizer integration, and nutrient sterilizers 0. These 

loads have fast response time and simple control when 

regulated. According to the load characteristics, their 

regulation capacity can be assessed as: 

FL

FLu,re FLu, FLu,

1

( ) ( )
iN

n n

n

C t s t P


           (43) 

where FLu,re ( )C t  is the regulation capacity of the flexible 

load I; FLiN  is the number of flexible loads; FLu, ( )ns t  is 

the operating state of the nth load in the flexible load; 

and FLu,nP  is the rated power of the flexible load. 

B. Optimal Aggregation Model for GHLs 

Using the minimum total daily regulation cost as the 

objective function, flexible loads with lower regulation 

costs are prioritized for aggregation by setting the 

weighting factor as follows: 

 DR ,DR ,re ,

,re light,re pen,re heat,re FLu,re

min min ( ) ,

[ , , , ]

k i i i k

k i t

i

F F C t

C C C C C

 




     (44) 

where ,DRiF  is the unit regulation cost of load I; ,reiC  is 

the maximum regulation capacity of load I; ,i k  is the 

affiliation status of load i with aggregator k; and k  is 

the weighting factor of aggregator k. 

C. Constraints 

1) Load Aggregate Frequency Constraint 

Each load can only be allocated to one aggregator, 

i.e.: 

 , 1i k

k

 ≤                           (45) 

2) Load Coupling Constraint 
In the case where loads, such as a submersible pump 

(load p) and a translational sprinkler (load q), have a 

coupling relationship, where  the translational sprinkler 

cannot operate without water supply from the sub-

mersible pump, it is essential to assign both of them to 

the same aggregator during aggregation, as: 

 , , couple0,      ,p k q k p q                (46) 

where ,p k and ,q k  is the affiliation status of load p and 

q with aggregator k; and couple  is the set of loads with a 

coupling relationship. 

3) Regulation Capacity Constraint 

To fully explore the regulation capacity of aggregators, 

the regulation capacity of each aggregator should be 

larger than the minimum aggregation capacity min,reC , 

i.e.: 

 ,re , min,re( )i i k

i t

C t C ≥              (47) 

4) Greenhouse Environmental Constraints 
The temperature, humidity, and light of each green-

house must meet the requirements for crop growth, i.e.: 

 min in max( )T T t T≤ ≤                       (48) 

 min in max( )x x t x≤ ≤                       (49) 

 min max( )DLI DLI t DLI≤ ≤                (50) 

Ⅴ.   RESULTS AND DISCUSSION 

We consider a modern agricultural park in December 

as an example of load aggregation. The regulation po-

tential is analyzed between 8:00 to 22:00. The topology 

of the agricultural park, as shown in Fig. 1, primarily 

comprises ten greenhouses and an information control 
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center. The park is connected to the distribution network 

externally, and internal GHLs can be controlled by the 

information control center. 

 
Fig. 1.  Topological structure of a modern agricultural park. 

For analysis and calculation, all the greenhouses are 

assumed to have the same volume, crop growing area, 

etc. The relevant parameters are listed in Table Ⅱ. 

TABLE Ⅱ 

GREENHOUSE-RELATED PARAMETERS 

Parameter Value 

ghS  50000 m2 

avgh  6 m 

  66 Pa/K 

The types of flexible loads contained within the ag-

ricultural park with their corresponding numbers are 

listed in Table Ⅲ. In each greenhouse, the load char-

acteristics vary slightly because of different crop types, 

and the flexible load configurations for each greenhouse 

are shown in Fig. 2. 

 

Fig. 2.  Load configurations for different greenhouses. 

TABLE Ⅲ 

TYPES AND REGULATION PARAMETERS OF GHLS IN THE PARK 

No. Load type 
Maximum response 

duration (min) 
Minimum recovery time 

(min) 

Response cost 

(¥/kWh) 

Daily response 
capacity (kWh) 

L1 LED lighting 60 15 0.25 308.7 

L2 Microwave sulfur lamp 60 15 0.25 270 

L3 Sound wave booster 60 15 0.25 227.5 

L4 Negative air pressure machine 30 15 0.3 312.5 

L5 Circulating ventilator 30 15 0.3 350.4 

L6 Fans coil 20 10 0.3 320 

L7 Electric shock insecticidal lamp 30 15 0.25 111.6 

L8 Plasma nitrogen fixation 45 20 0.35 234.4 

L9 Space electric field 30 15 0.35 350 

L10 Water & Fertilizer integration 30 15 0.3 151.5 

L11 Organic fertilizer dispenser 45 20 0.3 247.5 

L12 Nutrient sterilizer 30 15 0.3 250 

L13 Submersible pump 30 15 0.25 312.36 

L14 Panning water sprinkler 12 9 0.25 191.23 

L15 Carbon crystal electric heating panel 11 8 0.3 475.46 

L16 Far infrared heating 11 8 0.35 314.59 

L17 Cleaning equipment 30 15 0.35 320 

A. Model Parameter Identification 

Owing to the different characteristics of the green-

houses, the temperature and humidity ranges vary con-

siderably, as presented in Table Ⅳ. 

Historical data of the control cycles and power curves 

of the HL and TL in each greenhouse are shown in Fig. 3. 
According to the aforementioned HL and TL models, 

to identify building thermodynamic and crop state pa-

rameters that cannot be obtained conveniently, the 

 

environmental data and operational state collected 

within 24 hours are used as input. Subsequently, after an 

identification period of 1 h, the model parameters of the 

HL and TL can be identified according to (17)–(24). 

Considering GH1 as an example, the parameter identi-

fication results of the HL and TL from 08:00 to 22:00 

are presented respectively in Tables AⅠ and AⅡ in the 

Appendix A. 
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TABLE Ⅳ 

ENVIRONMENTAL SETTING RANGES OF GREENHOUSES 

Greenhouse min ( C)T 
 

max ( C)T   
min (%)x

 
max (%)x  

GH1 23 26 66 69 

GH2 15 18 81 84 

GH3 23 26 85 87 

GH4 8 11 62 65 

GH5 15 18 71 74 

GH6 13 16 56 59 

GH7 15 18 51 54 

GH8 20 23 81 84 

GH9 17 20 54 57 

GH10 10 13 61 64 

 

 

Fig. 3.  Control cycles and power curves of the HL and TL. (a) 

Power of HL. (b) Power of TL. 

B. Regulation Capability Analysis 
HL and TL can achieve rapid load reduction/increase 

by adjusting the humidity level without affecting the 

growing conditions of the crop.  
From the results of parameter identification, consid-

ering 19:00 as an example, upon combining (35), (36) 

and (37), (38), maxT  and maxx  can be adjusted both up-

ward and downward by 1 °C and 2 °C each. In addition, 
the power curves of the TLs and HLs can be calculated, 
as shown in Figs. 4 and 5, respectively. 

As observed from Figs. 4 and 5, the load power of the 
TL and HL can be effectively reduced/increased by ad-

justing the setting values of max max/T x  downward/upward. 

When maxT  is adjusted downward by 1 °C, upward by 

1 °C, downward by 2 °C, and upward by 2 °C, the av-
erage power consumed is 78 kW, 87.5 kW, 74 kW, and 

93.67 kW, respectively.When maxx  is adjusted downward 

by 1%, upward by 1%, downward by 2%, and upward by 
2%, the average power consumed is 29.96 kW, 31.71 kW, 
28.5 kW, and 32.33 kW, respectively. 

 

 

 

 

Fig. 4.  Load demand of TL for different controlling parameters. 

(a) Downward by 1 ℃. (b) Upward by 1 ℃. (c) Downward by 

2 ℃. (d) Upward by 2 ℃. 
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Fig. 5.  Load demand of HL for different controlling parameters. 

(a) Downward by 1℃. (b) Upward by 1 ℃. Downward by 2℃. (d) 

Upward by 2℃. 

This demonstrates that during peak electricity con-

sumption in winter, adjusting the setting value of the HL 

and TL results in a regulation potential of 5%–10%. 

However, because of the influence of external tempera-

ture, humidity, and other factors, the regulation potential 

of each HL and TL varies from time to time and must be 

updated dynamically and periodically based on real-time 

environmental parameters and load operational data. 

Considering peak regulation as an example, the upper 

temperature/humidity setting of each greenhouse is 

adjusted downward by 1 ℃/1%. Further, each load is 

assumed to be continuously regulated under ideal con-

ditions. Combining (32)–(43) and the data from the 

electricity consumption of the previous day, the maxi-

mum power cut curve of each load can be calculated 

separately, as shown in Fig. 6. 

 

 

Fig. 6.  Maximum cut power curve of each load. (a) for L1–L9. (b) 

for L10–L17. 

Figure 6 illustrates that: 1) under ideal conditions, the 

carbon crystal electric heating panel has the largest 

regulation capacity. It has peaks in the morning and 

evening; 2) for the HL and TL, the power reductions are 

high with large fluctuations which enable rapid load 

reduction capability; and 3) for other flexible loads such 

as plasma nitrogen fixation equipment, water and ferti-

lizer integration equipment, etc., the values of power 

reduction are lower but the fluctuations are milder than 

HL and TL, enabling them to achieve a continuous and 

reliable regulation response. 

Based on the above calculation results, the daily re-

duction capacity of each load can be calculated, as 

shown in the last column of Table Ⅱ. 
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C. Optimal Aggregation of GHLs 

We set the number of aggregators to 3, and the weight 

factors are 0.4, 0.35, and 0.25. Then, the allocation of 

GHLs is obtained by analyzing the optimal aggregation 

model using CPLEX, as shown in Fig. 7. 

 
Fig. 7.  Results of load aggregation. 

From the results in Table Ⅳ, the daily regulation 

capacity and regulation cost of each aggregator can be 

calculated, as presented in Table Ⅴ. 

TABLE Ⅴ 

DAILY REGULATION CAPACITY AND COST OF AGGREGATORS 

 AG1 AG2 AG3 

Load index 

L1、L2、

L3、L6、
L15 

L4、L5、

L10、L12、

L13、L14 

L7、L8、

L9、L11、

L16、L17 

Regulation capacity 

(kWh) 
1601.66 1567.99 1578.09 

Regulation cost (¥) 440.188 445.2175 528.7965 

The above optimization results show that some 

loads with higher regulation capacity and lower regu-

lation costs (such as carbon crystal heating panels, 

negative air pressure machines, and LED lighting) are 

allocated to AG1 with priority during demand response. 

In contrast, loads with high regulation costs (such as 

plasma nitrogen fixation, space electric field, and far 

infrared heating,) are allocated to AG3 with a lower 

weighting factor. 

The submersible pump and translational sprinkler 

with a coupling relationship are allocated simultane-

ously to AG2, to avoid the lack of water supply to the 

translational jets in the event that the submersible 

pumps stop operating, thereby complying with the load 

coupling constraint. 

The instantaneous maximum power reduction curves 

of the aggregators are plotted in Fig. 8. As seen, the 

power reduction of AG1 fluctuates significantly, 

whereas the power reduction of AG3 fluctuates gently. 

This is because the power of the loads such as LED 

lightings and carbon crystal electric heating panels 

contained in AG1 is more affected by weather than the 

others. Between 11:00 and 15:00 the load power de-

creases as light and temperature rise, while at night, 

when light and temperature are both insufficient, the 

load power gradually increases, thereby increasing 

regulation potential. 

 
Fig. 8.  Instantaneous maximum power reduction curves of ag-

gregators. 

Based on the above optimized aggregation results, the 

agricultural parks are regulated as an aggregator during 

intra-day dispatch. After receiving the regulation re-

quirements from the grid, the control center sends con-

trol instructions to the configured AG1, AG2, and AG3 

in order of priority. The ILs with regulation potential are 

taken out of operation, and the operational state of the 

HL and TL is controlled based on τpen,c and τheat,c, 

thus meeting the grid dispatch capacity. 

Taking peak regulation between 19:00 and 20:00 as an 

example, the load power curves after the participation of 

different aggregators in regulation are illustrated in Fig. 9. 
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Fig. 9.  Load power curves for different aggregators participating in 

energy regulation. (a) AG1 participates in DR. (b) AG1 and AG2 

participate in DR. (c) AG1, AG2 and AG3 participate in DR. 

As seen, the maximum power reductions in the three 

scenarios are 187.9 kW, 305.85 kW, and 443.47 kW, 

respectively. This, demonstrates the effective reduction 

of peak power consumption and relief of the pressure of 

peak load shifting. This proves the effectiveness of the 

regulation potential assessment model and optimal ag-

gregation strategy of GHLs of an agricultural park. 

Ⅵ.   CONCLUSION 

In this study, a detailed load demand model of GHLs 

is presented with the corresponding key parameters 

identified via RLS. Based on the quantitative evaluation 

of the regulation flexibility of GHLs, typical GHLs in 

the agricultural energy internet are optimally allocated 

to multiple flexible aggregators to explore their opera-

tional flexibility in supporting distribution grid power 

balance. The following conclusions can be drawn from 

the case study and discussion: 

1) The detailed load demand models of GHLs can 

effectively support the regulation flexibility assessment 

of the GHLs participating in agricultural energy man-

agement. 

2) The proposed RLS-based parameter identification 

method can effectively determine key parameters of 

GHL load models. Based on the parameter identifica-

tion results, the load control cycles of the GHLs can be 

adjusted via parameter sensitivity analysis. 

3) The proposed optimal aggregated aggregators can 

alleviate the peak load regulation pressure of power 

grids by flexibly shifting the load demands of the GHLs. 

However, the assessment of the load reduction ca-

pacity of GHLs in this paper is based on the greenhouse 

environmental constraints. When GHLs participate in 

power regulation, their initial operating state changes, 

which in turn will affect the time-varying characteristics 

of the subsequent load reduction capacity. Therefore, 

further work will focus on performing the dynamic 

identification and correction of the load model parame-

ters to update the reduction capacity of GHLs in real 

time. In addition, the established flexibility assessment 

model requires a large volume of load operation param-

eters and environmental data. However, obtaining these 

data may be expensive, laborious and difficult, and this 

may limit the generalization of the model. Therefore, 

how to realize a digitization twin for agricultural systems 

is a challenge that needs to be addressed. 

APPENDIX A 

TABLE AⅠ 

PARAMETER IDENTIFICATION RESULTS OF HL IN GH1 

Time K1 K2 K3 K4 K5 

08:00 1.763  0.385  0.001  0.695  4.246  

09:00 1.652  0.362  0.004  0.587  4.586  

10:00 2.095  0.014  0.385  1.028  4.804  

11:00 1.476  0.655  0.275  0.409  4.013  

12:00 1.613  0.521  0.140  0.546  4.141  

13:00 1.998  0.135  0.246  0.930  4.532  

14:00 1.611  0.521  0.140  0.544  4.147  

15:00 1.812  0.320  0.061  0.745  4.349  

16:00 1.693  0.439  0.058  0.626  4.229  

17:00 1.750  0.382  0.001  0.683  4.286  

18:00 1.807  0.325  0.056  0.740  4.343  

19:00 1.746  0.386  0.005  0.679  4.283  

20:00 1.777  0.354  0.026  0.710  4.314  

21:00 1.735  0.397  0.016  0.668  4.271  

22:00 1.763  0.369  0.012  0.696  4.299  

TABLE AⅡ 

PARAMETER IDENTIFICATION RESULTS OF TL IN GH1 

Time M1 M2 M3 M4 M5 

08:00 0.207  0.152  0.156  0.259  0.072  

09:00 0.048  0.102  0.098  0.004  0.325  

10:00 0.062  0.008  0.012  0.114  0.216  

11:00 0.053  0.107  0.103  0.001  0.330  

12:00 0.037  0.017  0.013  0.089  0.240  

13:00 0.055  0.001  0.005  0.107  0.222  

14:00 0.001  0.055  0.051  0.051  0.278  

15:00 0.074  0.020  0.024  0.126  0.204  

16:00 0.087  0.033  0.037  0.139  0.191  

17:00 0.058  0.004  0.008  0.110  0.220  

18:00 0.136  0.082  0.086  0.188  0.142  

19:00 0.100  0.045  0.049  0.152  0.178  

20:00 0.146  0.200  0.196  0.094  0.424  

21:00 0.046  0.008  0.004  0.098  0.232  

22:00 0.119  0.065  0.069  0.171  0.158  
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