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Under energy structure transformation and multi-energy complementary
development, there is an urgent need to explore more efficient, clean and
low-carbon integrated energy utilization. The micro-energy grid can realize the
synergistic and complementary operation of electricity, thermal and cooling
multi-energy systems through energy conversion and storage devices, thereby
mitigating the intermittency of renewable generation and spatiotemporal
imbalances in energy supply-demand. This paper develops a robust optimization
model for micro-energy grids that accounts for demand response and carbon
green certificate market participation. The study initially establishes demand
response and carbon green certificate trading models to systematically evaluate
their economic impacts on both microgrid and external energy systems.
Subsequently, a deterministic operational optimization model is established for
the micro-energy grid, aiming at net profit maximization. Finally, the study
establishes a robust coefficient-based uncertainty set for WT and PV output
fluctuations, facilitating the derivation of a robust optimizationmodel for micro-
energy grid. Case studies verify the model’s capability in addressing uncertainty-
related operational challenges, maintaining reliable and economical operation
of energy systems with enhanced robustness and economy.

KEYWORDS

demand response, green certificate trading, carbon trading, micro-energy grid, robust
optimization

1 Introduction

Depleting finite non-renewable fossil energy and their consequent ecological
consequences, including environmental contamination and climate disruption, are related
to the national economy and people’s livelihoods, and have become the challenges that
the power and energy industries need to deal with urgently (Chen et al., 2021; Jiang et al.,
2020).The development of micro-energy grids coupled with electricity, thermal and cooling
is a crucial pathway for addressing energy demand while achieving decarbonization
objectives, particularly in realizing the “dual carbon” targets of peak emissions and
neutrality (Zhang et al., 2021b).

Tomaximize demand-side flexibility potential, facilitate energy systemdecarbonization,
and alleviate clean energy output intermittency and the contradiction between spatial
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and temporal mismatch of energy supply and demand, scholars
have carried out in-depth research on the relevant mechanisms
and strategies. In unlocking the demand-side flexibility potential
in regulation, literature (Fayiz et al., 2023) constructed a time-
sharing pricing-induced demand response model and analyzed its
effects on community microgrid scheduling optimization; literature
(Kong et al., 2023) developed a neural intelligence-based real-time
pricing mechanism for demand-side management, which realizes
flexible and efficient real-time pricing; literature (Zhang et al., 2024)
considered time-sharing price-based demand response (PBDR)
for electricity and thermal, which further enhances wind power
utilization in multi-energy systems; literature (An et al., 2023)
constructed a price-based electricity load and a thermal load
response model incorporating thermal inertia and ambiguity,
respectively, corresponding to the differences in their respective
energy transmission characteristics. The advancement of micro-
energy grid technology has led to increasingly interconnected
characteristics among diverse energy sources and loads. Literature
(Zhang et al., 2021a; Zhang et al., 2023; Yang et al., 2021)
had constructed integrated demand response models covering
electricity, thermal, andnatural gas energy factors.However, existing
literature has not thoroughly explored the multi-energy coupling
mechanisms, without fully considering the complementary and
substitutable characteristics among multiple loads.

Furthermore, to effectively reduce carbon and develop low-
carbon electricity, it is necessary to systematically incorporate
carbon emission constraints in the optimization of micro-energy
grid operation. Scholars have conducted in-depth studies on carbon
green certificate trading. Literature (Jiang et al., 2025) introduced
carbon trading intomulti-phase energy system planning to optimize
both economic efficiency and environmental performance of energy
utilization; literature (Zhu et al., 2024) introduced a carbon
constraint mechanism and established a time-scale coordinated
scheduling model to achieve low-carbon optimization in multi-
energy systems; literature (Xiqin et al., 2024) predicted the green
certificate trading price using the Bayesian fuzzy learning method,
establishing theoretical foundations for the synergistic operation
of micro-energy grids in green certificate trading and short-term
spot market; literature (Guo et al., 2025) considered virtual power
plants to participate in both carbon trading and green certificate
markets to enhance low-carbon system dispatch optimization.;
literature (Wang et al., 2025) investigated amulti-park hybrid energy
system with carbon green certificate trading model, examining
dynamic pricing strategies and optimal scheduling challenges
for system operation. The findings demonstrate that introducing
carbon trading and green certificate trading mechanisms into
the optimization scheduling model can effectively reduce carbon
emissions and comprehensive costs, while their implementation
pathways differ significantly. Moreover, current research is based on
deterministic scenarios without accounting for uncertainties, which
may lead to deviations in optimization outcomes.

In terms of clean energy output uncertainty, scholars have
mainly studied stochastic optimization method (Dong et al., 2021)
and robust optimization method (Dong et al., 2021). Robust
optimizationmethods typically employ a set-based representation to
describe the distribution range of uncertain parameters. Compared
to stochastic optimization methods, they eliminate the need to

acquire probability distributions of uncertain parameters and avoid
the high-dimensional problems introduced by numerous scenarios.
Consequently, robust optimization is garnering increasing attention
in the optimal operation of micro-energy grid.

In summary, this paper proposes a robust optimization model
for micro-energy grids that accounts for demand response and
carbon green certificate trading. Firstly, the demand response and
carbon green certificate market trading models of micro-energy
grids are constructed to analyze their impacts on micro-energy
grids and external system benefits; secondly, a deterministic micro-
energy grid operation optimization framework is developed for
microgrid energy management, with the primary objective of
net economic benefit maximization; thirdly, a robust coefficient-
driven uncertainty characterization is developed for wind and solar
power output, enabling the formulation of a robust optimization
framework for microgrid energy management; finally, a case study
simulation of a micro-energy system in a province in Northern
China was conducted to validate the economic efficiency, low-
carbon performance, and effectiveness of the proposed model.

2 Micro-energy grid

This paper constructs a microgrid architecture consisting of
power generation modules, standby energy units and energy
conversion components. The power generation module comprises
three components: wind turbines (WT), photovoltaic turbines (PV)
and electric storage equipment (ES). The standby energy unit
incorporates combined cooling, heating and power units (CCHP),
which contain gas turbines (GT), waste heat recovery boiler (HR),
absorption chillers (AC) and heat exchanger units (HE), which
provide backup capacity for intermittent renewable generation from
wind and solar sources. The energy conversion unit consists of
electric chillers (EC) and electric boilers (EB). In addition, an
external system is configured as an external standby for microgrid,
guaranteeing uninterrupted energy supply for internal consumers
and maintaining grid operational stability. In this paper, it is
assumed that the units of microgrid prioritize cooling, thermal
and power demand fulfillment for end-users within the system.
If the internal units cannot meet the demand, the external grid
provides compensatory power supply.Themicrogrid only purchases
natural gas for CCHP from external energy supply system. Figure 1
illustrates the structure of the proposed micro-energy network.

This study establishes a microgrid architecture comprising
power generation modules, backup energy units, and energy
conversion components.

3 Demand response and carbon green
certificate trading model

3.1 Analysis of the relationship between
micro-energy grids and demand response,
carbon green certificate trading

To encourage users to engage in microgrid optimized dispatch,
a comprehensive price-driven demand response mechanism

Frontiers in Energy Research 02 frontiersin.org

https://doi.org/10.3389/fenrg.2025.1636892
https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org


Liu et al. 10.3389/fenrg.2025.1636892

FIGURE 1
Micro-energy grid structure.

FIGURE 2
Demand response and carbon green certificate trading systemic impacts.

is implemented. Users are affected by changes in energy
prices and adjust their energy demand independently, thus
affecting system-level supply-demand balance, and the results
of unit scheduling. At the same time, carbon trading and
green certificate mechanisms promote clean power generation
while imposing economic penalties on high-carbon units,
thereby influencing both microgrid operations and external
system revenue. Figure 2 shows the combined effects of demand
response and carbon green certificate trading on bothmicrogrid and
external systems.

3.2 PBDR model

PBDR is an extension of power-side PBDR, which
guides customers to actively change their load demand
through price changes. It is constructed using the elasticity
matrix, as shown in Equations 1, 2 (Zhang et al., 2019;
Zhang et al., 2024):
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where, Qx
t and Qx

t
∗ are the load demands for load x at time t before

and after the implementation of PBDR, respectively. ex11, e
x
12, …, extt

are the coefficient of elasticity for load x; pxt and Δp
x
t are the initial

price and the price adjustment component for load x at time t,
respectively. The elasticity coefficient solution is modeled as follows
(Deng et al., 2019; Nan and Beibei, 2019):

exij =
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j
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(2)
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where, i = j is auto-elasticity coefficient, while i ≠ j is cross-elasticity
coefficient;Qx

i andQ
x
j are the primitive loads for load x at time i and

j, respectively; ΔQx
i and ΔQ

x
j are the load variation for load x at time

i and j, respectively.

3.3 Carbon green certificate trading model

Constructing a mandatory rewards and penalties model in
conjunction with carbon and green certificate trading to assess
systemic effects of mandatory carbon green certificate trading.

3.3.1 Green certificate trading
Renewable and clean energy plants can obtain tradable green

certificates as credentials for cleaner electricity production, which
can be sold on the energy market, while fossil-fueled plants must
purchase the corresponding certificates (Jiang et al., 2025). The
model is as shown in Equation 3.

Rgc
i = ρ(

t

∑
1
KiPt,i) (3)

where, Rgc
i is the benefit or cost of the system i through green

certificate trading; ∑Tt=1Pt,i is the entire generation for system i; ρ is
the price at which green certificates are traded; Ki is the quota factor
for green certificates for systems i.

3.3.2 Carbon trading market
The carbon emission trading mechanism operates under a

national cap-and-trade system, where entities exceeding allocated
free allowances must procure additional permits through carbon
market transactions (Zhou, 2009). On the contrary, they can be sold
in the market (Li et al., 2025), the trading model is as shown in
Equations 4, 5.

Rco2
i = (Lco2 − υ ·

T

∑
t=1

Pt,i)pco2 (4)

Lco2 =
T

∑
t=1

Pt,iβi (5)

where, Rco2 is the cost or benefit to the system i of trading through
the carbon market; Lco2 is actual carbon emissions; υ is the assigned
amount of emissions per unit of electricity; pco2 is carbon trading
price (CNY/t); βi is system i output CO2 emission factor.

4 Micro-energy grid optimization
model

4.1 Modeling of micro-energy grid units

4.1.1 Power generation modules
4.1.1.1 WT output model

WT output variability originates from stochastic wind speed
variations, which are commonly modeled through Weibull
distribution functions to quantify their probabilistic characteristics,
as shown in Equation 6 (Ju et al., 2024):

f(v) = (k
c
) · (v

c
)
k−1
· e−(

v
c
)k (6)

where, f(v) is wind speed function; v is wind speed; c is scale
parameter; k is state parameter. Further the energy supply model is
obtained as shown in Equation 7.

PWPP
t =

{{{{{
{{{{{
{

0,0 ≤ vt < vin,vt > vout
vt − vin

vrated − vin
gR,vin ≤ vt ≤ vrated

gR,vrated ≤ vt ≤ vout

(7)

where, PWPP
t is WT available output at time t; vt is natural incoming

wind speed at time t; vin, vout and vrated are cut-in, cut-out and rated
wind speeds, respectively.

4.1.1.2 PV output model
PV output variability stems from solar radiation fluctuations,

which has some uncertainty and is usually available to fit solar
radiation using Beta distribution, as shown in Equations 8, 9 (Ju
et al., 2024):

fPVt =
Γ(α+ β)

Γ(α) + Γ(β)
(

rt
rmax
)
α−1
(1−

rt
rmax
)
β−1

(8)

where, fPVt is solar radiation at time t; rt and rmax are solar irradiance
and maximum irradiance at time t, respectively; α and β are shape
parameters.

PPVt = ηPVSPV f
PV
t (9)

where, PPVt is PV available output at time t; ηPV is PV efficiency; SPV
is PV panel area.

4.1.1.3 ES

PESt = P
ES
t−1 · (1−φES) + ζ · η

escPesct − (1− ζ) ·
Pesdt
ηesd

(10)

where, from Equation 10, PESt is electricity storage at time t; φES
is electricity storage loss rate; Pesct and Pesdt are ES charging and
discharging power at time t, respectively; ηesc and ηesd are ES
charging and discharging efficiencies, respectively.

4.1.2 Standby energy units
The standby energy unit comprises CCHP units, where HR

utilizes turbine exhaust gases to drive AC or HE for cooling and
thermal load provision (Fukang et al., 2021), as shown in the model
is as shown in Equation 11.

{{{{{{{
{{{{{{{
{

PGTt = Q
g
t · ηe

HWHB
t = γGT · P

GT
t

HCH
t = P

whb
hot,t · ηCH

LZLt = P
whb
cold,t · ηZL

(11)

where, PGTt is the power output of the GT at time t; Qg
t is natural

gas consumption volume at time t; ηe is GT generation efficiency;
HWHB

t is HR total collected heat at time t; γGT is the thermoelectric
ratio; HCH

t is the heat gained from HE at time t; Pwhbhot,t is HR steam-
based heat production capacity; ηCH is the conversion efficiency of
HE; LZLt is cooling capacity of steam-type AC at time t; Pwhbcold,t is HR
steam power output for cooling at time t; ηZL is chiller’s conversion
efficiency.
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FIGURE 3
Linearization of quadratic functions.

TABLE 1 Scenario setting.

Scenario Explanation Scenario setting

Scenario 1

Excluding clean energy
uncertainties

Scenario 1–1

Robust optimization
Scenario 1–2: Γ = 6

Scenario 1–3: Γ = 12

Scenario 2 Based on the results of
scenario 1, select the optimal

scenario and consider
demand response

Scenario 2: consider demand
response

Scenario 3 Based on scenario 2, consider
the impact of carbon green

certificate trading

Scenario 3: consider the
carbon green certificate

trading

4.1.3 Energy conversion units
4.1.3.1 EC

LELt = Q
EL
t ηEL (12)

where, from Equation 12, LELt is EC cooling capacity at time t; QEL
t

is electrical energy input to EC at time t; ηEL is EC conversion
efficiency.

4.1.3.2 EB

PEBt = Q
EB
t ηEB (13)

where, from Equation 13, QEB
t is electrical energy input to EB

at time t; PEBt is EB thermal output at time t; ηEB is EB
electric heat conversion efficiency.

4.2 Deterministic microgrid optimization
model

4.2.1 Objective function
The micro-energy grid seeks to maximize net income with the

following (Geng et al., 2020; Wang et al., 2023):

F =Max(RPIES −CPIES) (14)

where, F is operational optimization objective function for
microgrid; RPIES is micro-energy grid income; CPIES is micro-
energy grid cost.

In this case, the microgrid’s revenue streams comprise earnings
from supplying cooling, thermal, and electrical energy to end-users.,
as modeled below:

RPIES = pEt Q
E
t + p

C
t Q

C
t + p

H
t Q

H
t (15)

where, pEt , p
C
t and p

H
t are electricity, cooling, and thermal sold price at

time twithin themicro-energy grid, respectively;QE
t ,Q

C
t andQ

H
t are

the electricity, cooling, and thermal load demands satisfied at time t
within the microgrid, respectively.

The costs of the microgrid include unit O&M costs, deviation
penalty costs, and external gas purchase costs, which are
modeled as follows:

CPIES = CPIES
om +C

PIES
ae +C

PIES
os (16)

where, CPIES
om , CPIES

ae and CPIES
os are the unit O&M, abandonment

penalties, and external gas purchase costs of the micro-energy grid,
respectively.

CPIES
om =

T

∑
t=1

V

∑
v
Pvtp

v,om (17)

where, Pvt is the amount of output from unit v at time t; pv,om is the
unit O&M cost for unit v.

CPIES
ae =

T

∑
t=1
((QPlan,x

t −Q
x
t ) · p

x,max
t (1+ 30%)) (18)

where, subject to WT and PV output variability, QPlan,x
t is scheduled

load allocation for load x at time t; Qx
t is actual load allocation for

load x at time t; px,max
t is internal energy transactions price ceiling

for load x.

CPIES
os = p

g
tP

g
o,t (19)

where, Pgo,t is external natural gas acquisition demand at time t; pgt is
external natural gas price at time t.

4.2.2 Constraints
4.2.2.1 Supply-demand balance constraints

Qe
t +ΔQ

e
t = Q

WPP
t +Q

PV
t + P

GT
t + P

ES
t + P

e
o,t (20)

Qc
t +ΔQ

c
t = L

ZL
t + L

EL
t + P

c
o,t (21)

Qh
t +ΔQ

h
t =H

CH
t + P

EB
t + P

h
o,t (22)
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FIGURE 4
Typical daily micro-energy grid customer cooling, thermal and electricity loads.

FIGURE 5
Prices for the sale of energy for cooling, thermal, electricity and gas.

Qg
t +ΔQ

g
t = P

g
o,t (23)

where, Qe
t , Q

c
t , Q

h
t and Qg

t are the electricity, cooling, thermal
and gas loads at time t, respectively. The study postulates that
natural gas consumption is exclusively attributed to gas turbine
operational requirements. ΔQx

t is the amount of load fluctuation in
category x; Peo,t, P

c
o,t, P

h
o,t and Pgo,t are electricity, cooling, thermal

and gas loads amount supplied from external energy system at
time t, respectively.

4.2.2.2 Generation unit output constraints
A. WT and PV output constraints

PWPP
t + P

PV
t = Q

WPP
t +Q

PV
t + P

ES
t +Q

EL
t +Q

EB
t + P

e
loss,t (24)

0 ≤ PWPP
t ≤ P

max
W (25)

0 ≤ PPVt ≤ P
max
P (26)
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FIGURE 6
Clean energy forecast output.

where, QWPP
t and QPV

t are the electricity loads satisfied by WT and
PV at time t, respectively; PESt is clean energy amount absorbed by
ES at time t; Peloss,t is clean energy actual amount discarded at time t;
Pmax
W and Pmax

P are the peak limits of WT and PV outputs.
B. ES unit constraints

0 ≤ PESt ≤ P
ES
MAX (27)

0 ≤ Pesct ≤ P
esc
max (28)

0 ≤ Pesdt ≤ P
esd
max (29)

where, PESMAX is the maximum storage capacity; Pescmax and Pesdmax are
upper bound for power input and output of the ES, respectively.

C. CCHP unit constraint (Sun et al., 2020)

PGTmin ≤ P
GT
t ≤ P

GT
max (30)

where, PGTmin and P
GT
max are themaximum andminimumpower output

levels for GT, respectively.
D. HR unit constraint

0 ≤HWHB
t ≤H

WHB
max (31)

where, HWHB
max is HR installed capacity.

E. HE unit constraint

0 ≤ Pwhbhot,t ≤ P
whb
hot,max (32)

where, Pwhbhot,max is HE installed capacity.
F. Vapor type AC constraint

0 ≤ Pwhbcold,t ≤ P
whb
cold,max (33)

where, Pwhbcold,max is the installed capacity of the vapor type AC.

4.3 Robust optimization-based
optimization model for micro-energy grid

WT and PV output have a certain degree of randomness and
volatility, robust optimization is one of the common methods to
study the uncertainty optimization problem, which can inhibit the
impact of uncertainty on the operation optimization results to
different degrees by adjusting the robust coefficient (Ju et al., 2024).
Therefore, in this section, a robust optimization model is developed
considering WT and PV output uncertainties. WT and PV output
uncertainty sets are shown in Equation 34.

U =

{{{{{{{{{
{{{{{{{{{
{

PWPP
t = ̂P

WPP
t + η

+
1,tΔP

WPP
t,max − η

−
1,tΔP

WPP
t,max

PPVt = ̂P
PV
t + η

+
2,tΔP

PV
t,max − η

−
2,tΔP

PV
t,max

0 < η+i,t + η
−
i,t ≤ 1,

T

∑
t=1

η+i,t + η
−
i,t ≤ Γ

i = 1,2

(34)

where, ̂PWPP
t and ̂PPVt are predicted outputs of WT and PV at time t;

ΔPWPP
t,max, ΔP

PV
t,max are the maximum deviations of WT and PV at time

t; η+i,t, η
−
i,t are 0–1 variables; Γ is the conservatism parameter, where

larger values indicate a more conservative model.
Integrate the formula Equations 14–33, the robust optimization

model (Yang et al., 2020) is as shown in Equation 35.

{{{{{{{{{{{{{{{
{{{{{{{{{{{{{{{
{

maxx(min
u∈U

max
y∈Ω(u,x)

F)

s.t.

{{{{{{{{{{
{{{{{{{{{{
{

Ax = a

Bx ≥ b

Mx +Yu ≥ 0

Ky +Gu ≥ 0

eq.(34)

(35)
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FIGURE 7
(Continued).

5 Solution algorithm

The proposed optimization model incorporates both
continuous, 0–1, and binary decision variables, which are mixed
integer quadratically constrained programming problems. In
this paper, linearization is used to transform all nonlinear
components in the optimization model into linear equations.
The optimization problem is transformed into a mixed-
integer linear programming model and is subsequently
solved using CPLEX within the MATLAB environment.

In this case, quadratic linearization is handled as shown
in Figure 3.

Based on Figure 3, for g ∈ [gmin + nΔ,gmin + (n+ 1)Δ], satisfy the
constraints of Equation 36.

f(g) = f(gmin + nΔ) + (g− gmin − nΔ) · [b+ (2n+ 1)cΔ+ 2cgmin]
(36)

where, f(g) is the segmented function of quadratic function,
n = 0,1, · · ·,N− 1; Δ is the segmented function length,
Δ = (gmax − gmin)/N.
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FIGURE 7
(Continued). Optimized scheduling results of units under different scenarios. (a) Scenario 1–1 Power Supply Component (b) Scenario 1–1 Cooling
Component (c) Scenario 1–1 Thermal Component (d) Scenario 1–2 Power Supply Component (e) Scenario 1–2 Cooling Component (f) Scenario 1–2
Thermal Component (g) Scenario 1–3 Power Supply Component (h) Scenario 1–3 Cooling Component (i) Scenario 1-3 Thermal Component.

6 Calculus analysis

6.1 Multi-scenario setting

Firstly, the stochastic nature of clean energy production
constitutes a fundamental uncertainty source that substantially
affects system dispatch outcomes and economic benefits.
Secondly, the energy consumption side customer loads are
somewhat transferable by demand response pricing mechanisms,
consequently altering supply-demand equilibrium conditions
and ultimately influencing both system scheduling results and
system revenue. Finally, the implementation of carbon green
certificate trading will also have some impact on system benefits.
Therefore, this paper considers the above three scenarios
comprehensively and sets up multiple scenarios to carry out
quantitative optimization research. The scenario settings are shown
in Table 1.

6.2 Basic data

This study investigates a provincial scale microgrid system
located in northern China as a case study.Themicrogrid is equipped
with 70 MW of WT, 20 MW of PV, 10 MW of ES, 10 MW of GT,
20 MW of HR, 15 MW of AC, 25 MW of HE, 15 MW of EC and
20 MW of EB. The technical parameters for all components are
derived from literature (Zhou et al., 2019;Wang et al., 2017; Xu et al.,
2017). υ is 0.723. pco2 is 36 CNY/ton. βg is (natural gas CO2 emission
factor) 220 g/kw. βc is (external system conventional thermal CO2
emission factor) 986 g/kw. Kce is (clean energy green certificate
quota factor) 0.1.Kc is (external system conventional thermal power
green certificate quota factor) −0.1. ρ is 174.4 CNY/MWh. Figures 4,
5 respectively present the typical daily cooling and thermal electrical
demand as well as cooling and thermal electrical prices for
the micro-energy grid. The prediction clean energy is shown
in Figure 6.
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6.3 Results

6.3.1 Comparison of deterministic and
uncertainty model optimization results

Without considering the clean energy uncertainty, WT and PV
generation profiles are predicted subject to technical maximum
constraints. Based on this, the optimal scheduling is performed to
get deterministic optimization results, as shown in Figures 7a–c.
Considering the clean energy uncertainty, the output deviation
of wind and photovoltaic power is maintained at 0.05, yielding
uncertainty optimization results as shown in Figures 7d–i. Table 2
presents the optimization outcomes derived fromboth deterministic
and stochastic modeling approaches.

Synthesis combines Figure 7 and Table 2, from heating and
cooling perspective: On the one hand, the CCHP realizes the graded
utilization of energy through the HR, and synergistically meets
the demand of cooling and thermal loads. On the other hand, EC
and EB absorbed the surplus abandoned energy from clean energy
sources to meet the cooling and thermal load demand. However, for
Scenario 1-1, given the stochastic of clean power, the EC creates a
supply deviation from 5:00–6:00, which needs to be supplemented
by an external system. From the power supply perspective: On
the one hand, ES meets part of the electricity load demand by
storing it during the trough and releasing it during the peak. The
GT of the internal standby energy units, in conjunction with the
clean energy supply units, generates electricity, directly reducing the
amount of energy supplied by the external energy system. On the
other hand, comparative analysis demonstrates that incorporating
renewable generation uncertainty into robust optimization leads
to three distinct effects when increasing robustness coefficients: 1)
renewable energy output curtailment; 2) progressive attenuation
of output fluctuations; 3) decrease in bias imbalance penalties.
Scenario 1–3 has 54.603 MW and 15.053 MW less wind power
supply compared to Scenarios 1-1 and 1-2, respectively. As a result,
the proposed optimization strategy generates improved net income
at the expense of higher energy discarded.

In summary, the robust coefficient exhibits an inverse
relationship with clean energy accommodation capacity, and system
avoids the clean energy risk by reducing the clean energy output, but
inevitably increasing energy discarded. Therefore, it is necessary to
combinemultiple factors to set up a robust system to achieve optimal
scheduling. In addition, combining with Table 2, the analysis reveals
that Scenario 1-3 achieves optimal net income compared to other
scenarios, which is the optimal objective function, but the amount
of discarded energy is higher under this scenario, and there is a
mismatch between supply and demand.

6.3.2 Demand response comparison results
analysis
6.3.2.1 Comprehensive demand response analysis

By incorporating the demand elasticity matrices for cooling,
thermal, and electricity loads, the model derives time-sharing
pricing structures and corresponding load variations in the
microgrid system. Figure 8 shows the price of energy sold for the
system after demand response is implemented. Figure 9 shows the
load variation for cooling, thermal, and electricity services following
demand response implementation.

TABLE 2 Benefits under different scenarios.

Scenario Net income
(million)

Deviation
penalties
(million)

Wind and
solar energy
consumption

rate (%)

1–1 55.845 4.489 94.610%

1–2 56.981 2.292 94.623%

1–3 57.172 0.000 77.758%

FIGURE 8
Demand response post implementation system energy price.

6.3.2.2 Demand response analysis of peak-valley energy
price

In conjunction with Figures 8, 9, this section focuses on the
optimized dispatch results and system benefits of the units after
demand response implementation. Figure 10 and Table 3 show the
unit scheduling results and system benefits after demand response
implementation, respectively.

In conjunction with Figure 10a, from the power supply point
of view: Comparing Scenario 1-3, due to the demand response
implementation, customer electricity loads increased during peak
WT and PV output. The clean energy unit boosts the energy supply
of about 14.115 MW and reduces the amount of energy supplied
by the external system. From thermal and cooling perspective:
Comparing scenario 1-3, on the one hand,micro-energy grid system
is constrained by the revenue maximization objective function, and
due to higher electricity price, more clean energy is used to satisfy
the demand of customer electricity loads, crowding out part of the
electricity that can be converted to meet the cooling and thermal
demand through EC and EB; on the other hand, the load-shifting
behavior induces three operational modifications: 1) enhanced
renewable energy utilization for electrical demand; 2) reduced gas
turbine output in the CCHP system; 3) diminished energy cascade
potential. As a result, the internal units experience reduced capacity
for meeting cooling and thermal demands and an increase in
the amount of external thermal and cooling by 4.272 MW and
1.845 MW, respectively. However, cross-referencing with Figure 2
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FIGURE 9
Demand response post implementation load requirements. (a) Electricity load demand after demand response implementation (b) Thermal load
demand after demand response implementation (c) Cooling load demand after demand response implementation.
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FIGURE 10
Optimized scheduling results for units after demand response implementation. (a) Composition of electricity supply after demand response
implementation (b) Composition of cooling supply after demand response implementation (c) Composition of thermal supply after demand response
implementation.

TABLE 3 System benefits after demand response implementation.

Scenario Net system income (million) User cost (million) Wind and solar energy consumption rate (%)

2 57.89 85.018 79.93%

1–3 57.172 86.64 77.758%
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TABLE 4 Carbon green certificate trading on system benefits results.

Category Carbon dioxide
emission (t)

Permitted emission (t) Carbon market
(million)

Green certificate
transaction (million)

Micro-energy grid 99.750 489.861 1.404 1.182

External system 305.973 224.359 −0.294 −0.541

reveals, compared to Scenario 1-3, the net system benefits and user
costs have increased by ¥0.718 million and decreased by about
¥16.22million, respectively, which has certain economic advantages.
And the WT and PV energy consumption rate has increased
by about 2.17% due to the increased match between supply and
demand, which has certain environmental advantages.

6.3.2.3 Analysis of comparative results of carbon green
certificate trading

In view of scenario 2’s baseline optimization outcomes, this
subsection evaluates how carbon-green certificate trading influences
system revenues, with quantitative results presented in Table 4.

Table 4 demonstrates that the microgrid’s energy portfolio
predominantly comprises WT, PV and natural gas resources, with
a high degree of cleanliness and low carbon emissions. Thus, the
carbon green certificate trading significantly enhances microgrid
profitability, generating combined revenues of ¥14.04 million from
carbon trading and ¥11.82 million from green certificate sales.
In contrast, the external grid relies primarily on carbon-intensive
conventional generation. Engagement in carbon green certificate
markets necessitates the procurement of carbon credits and
green certificates. Therefore, the implementation of carbon green
certificate trading requires an operational strategy that considers
clean energy variability, maximizing renewable energy utilization,
minimizing conventional power generation and minimizing carbon
green certificate expenditure.

6.3.2.4 On the main significance of the developed tools in
real-life cases

The robust optimization model for micro-energy grids
accounting for demand response and carbon-green certificate
market transactions, proposed in this paper, can provide decision
support for the efficient and low-carbon operation of practical
micro-energy grid systems. Firstly, the established demand response
and carbon/green certificate market trading models provide a
data foundation for quantitatively analyzing the economic and
environmental benefits of market incentive policies and formulating
operational strategies. Secondly, the proposed operational strategy
based on robust optimization (considering the uncertainty set of
wind and PV power output) can not only effectively coordinate the
synergistic operation of electricity, thermal, and cooling multi-
energy systems, mitigating the volatility of clean energy and
spatiotemporal mismatches, but also significantly enhance the
system’s risk resilience against uncertain factors such as wind/PV
forecast errors. Finally, the model can provide decision-making
basis for the safe, economical, and low-carbon operation of micro-
energy grids under diverse resource and market conditions. With
the deepening of carbon and green certificate trading market

mechanisms, thismodel can provide ongoing support for promoting
regional clean and low-carbon energy utilization.

7 Conclusion

This study develops an enhanced microgrid optimization
framework that integrates PBDR and clean energy generation
uncertainty, formulating both conventional micro-energy grid
optimization models and robust optimization models for
comparative scenario analysis. The principal findings of this study
demonstrate that.

(1) Robust optimization can reduce the risk associated with clean
energy uncertainty by adjusting the robustness coefficient.
By utilizing robust coefficients to regulate clean energy
uncertainty, the system can avoid the risks associated with
uncertainty and reduce the amount of clean energy supply.
And the reduction increases as the robustness factor increases.
Although it reduces the cost of deviation penalties, it is prone
to increased energy abandonment. Therefore, when choosing
the robustness coefficient, the decision maker must synthesize
many factors, use the robustness coefficient as a variable factor,
and use the sensitivity analysis method to choose a reasonable
control coefficient.

(2) Demand response on the electricity side can be effectively
extended to the heating and cooling sectors, providing an
effective approach to improving supply-demand matching
under multi-energy coupling. Influenced by changes in
electricity, heating, and cooling prices, users adjust their
energy consumption behavior, which not only increases the
clean energy consumption rate by approximately 2.17%,
contributing to the achievement of carbon neutrality
goals, but also brings notable economic benefits—raising
system revenues by 7,180 CNY and reducing user costs
by 16,220 CNY.

(3) Driven by carbon and green certificate trading mechanisms,
the development of clean energy systems has become
imperative. This can generate approximately 14,040 CNY in
carbon trading revenue and 11,820 CNY in green certificate
trading revenue for the micro-energy grid. Considering
the carbon trading market, based on rationalizing and
reducing the amount of energy supplied by conventional
units, it is also necessary to further carry out cleaner
reforms of conventional units and continue to develop
carbon capture technology, etc., to enhance emission
reduction and competitiveness in the carbon trading
market. Considering green certificate trading, through fully
assessing clean energy output riskiness, the amount of
clean energy supply should be rationalized and enhanced
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to increase the green certificate revenue of the clean energy
system.

This study develops a robust optimization model for micro-
energy grid accounting for demand response and carbon-green
certificate market transactions, aiming to enhance economic
dispatch and low-carbon operations. However, several limitations
remain. First, the model does not account for electricity/heat
network power flow constraints and transmission losses, which
may affect dispatch accuracy and economic assessments. Second,
uncertainty is addressed using robustness coefficients, without
fully leveraging probabilistic distribution information. Third, the
modeling of green certificate and carbon markets is simplified,
failing to capture the dynamic effects of evolving policymechanisms.
Future work will focus on integrating electricity/heat network
flow models to improve physical realism, exploring data-driven
uncertaintymodeling approaches, and advancing the representation
of coupled market mechanisms to enhance model applicability and
policy relevance.
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