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As the penetration of renewable energy is increasing, microgrids have been an effective 
solution for accommodating and utilizing distributed energy resources. However, renewable 
power generation and load demand sometimes can be vulnerable, since it can be influenced 
highly by weather conditions, environmental factors, and human activities, exhibiting strong 
uncertainty, volatility, and temporal correlation. Traditional fixed-period or deterministic 
scheduling methods are often incapable of accurately capturing short-term time-series 
variations of sources and loads, which may lead to power imbalance and reduced operational 
economy of microgrid systems. 

To mitigate the existing issues, this thesis proposes an optimal microgrid scheduling method 
based on adaptive stochastic model predictive control (ASMPC). By constructing 
probabilistic models to describe the uncertainties of renewable generation and load demand, 
stochastic optimization is integrated into the model predictive control framework. An 
adaptive mechanism is further introduced to dynamically update scenario-based uncertainty 
representations and perform adaptive segmentation within a fixed prediction horizon 
according to real-time system operating conditions. The introduced method facilitates rolling 
optimization and feedback correction, thereby mitigating the impact of uncertainty 
disturbances effectively. 

Simulation results from 5 repeated experiments show that all three optimized strategies 
maintain a 100% optimization success rate and near-unity renewable energy utilization. 
Compared with the non-optimized grid-only baseline, the optimized strategies reduce the 
mean operating cost by about 5.60% to 6.23%. Among the optimized methods, Adaptive 
SMPC does not achieve the minimum total cost, but it preserves economic competitiveness 
under uncertainty while reducing the upper-level decision dimensionality by 24.86% relative 
to Fixed-Horizon SMPC. Fixed-Horizon SMPC refers to the SMPC method using a fixed 
prediction horizon and uniform time intervals. The study therefore supports ASMPC as a 
feasible and computationally efficient scheduling framework for microgrids with high 
renewable energy penetration. 
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Symbols and abbreviations 
Abbreviations 
ASMPC     Adaptive Stochastic Model Predictive Control 
SMPC      Stochastic Model Predictive Control 
MPC       Model Predictive Control 
DER       Distributed Energy Resource 
RES       Renewable Energy Source 
WT        Wind Turbine 
PV        Photovoltaic 
HESS      Hybrid Energy Storage System 
SoC       State of Charge 
PCC       Point of Common Coupling 
LP        Linear Programming 
MILP      Mixed-Integer Linear Programming 
AR(1)     First-Order Autoregressive Process 
PDF       Probability Density Function 
CDF       Cumulative Distribution Function 
EMC       Energy Management Center 
 
SYMBOLS 
 
PGrid             Power exchanged with the utility grid 
PGrid,imp         Power imported from the utility grid 
PGrid,exp         Power exported to the utility grid 
 
PW                Wind power output 
PPV               Photovoltaic power output 
PL                Load demand 
Pnet              Net load power 
 
PB                Battery power 
PB,ch             Battery charging power 
PB,dis            Battery discharging power 
 
PSC               Supercapacitor power 
PSC,ch            Supercapacitor charging power 
PSC,dis           Supercapacitor discharging power 
 
EB                Battery stored energy 
ESC               Supercapacitor stored energy 
 
SOCB              Battery state of charge 
SOCSC             Supercapacitor state of charge 
 
CBdeg             Battery degradation cost 
 
H                 Rolling prediction horizon 
Tu                Upper-layer scheduling horizon 
Tl                Lower-layer real-time control horizon 



 
α                 Confidence level of chance constraints 
σ                 Standard deviation 
Σ                 Covariance matrix 
 
ex(k)             Prediction error at time step k 
eRES(k)           Renewable energy error vector 
eL(k)             Load forecasting error 
 
ηBc               Battery charging efficiency 
ηBd               Battery discharging efficiency 
 
ΔP(k)             Instantaneous power mismatch 
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1. Introduction 

In the recent decade, the governments of most major economies all over the world have been 

ambitious in the transition toward sustainable energy, According to the European 

Commission website, the European Union has introduced REPowerEU plan in order to 

significantly accelerate its green transition, as of February 2026, key regulations have 

entered into force as binding law, which is targeted to expend renewable electricity capacity 

by over 61 GW and the deployment of 11 GW of new storage capacity to bolster grid 

resilience. As of May 2026, based on the European Commission website, the EU installed 

approximately 56.1 GW of new solar PV capacity in 2025, bringing the total installed solar 

capacity to 359 GW. To meet the 2030 target of 700 GW, the EU’s recovery and resilience 

funding is prioritized to support an additional 61 GW of renewable capacity and 11 GW of 

new energy storage by late 2026 to enhance grid flexibility. Simultaneously, China has 

formally introduced a scheme which is called the 15th Five-Year Plan (2026–

2030) following the 2026 "Two Sessions". According to IEA, this plan sets a binding target 

to reduce carbon intensity by 17% and aims to increase the share of non-fossil energy in total 

consumption to 25% by 2030. Moreover, China also seeks to reduce energy intensity by 10% 

during this period to align with its 2030 carbon peaking goal. (International Energy Agency, 

2026). Based on these strategic shifts, it is easy to tell that, the role of microgrids as a 

technological solution becomes essential for integrating high-penetration renewables and 

ensuring the stability of a "new-type power system". 

Microgrid is an autonomous small-scale regional power system, it integrates distributed 

power sources, energy storage devices, and loads (Hirsch, Parag and Guerrero, 2018). 

Nowadays, it is becoming more and more effective in terms of methods for consuming and 

utilizing renewable energy within modern power systems. However, the renewable power 

supply and the load related to it sometimes can be highly susceptible to weather conditions, 

geographic locations, and human activities. These factors contributes to significant 

uncertainty and dependency relationships into the system's output, as a matter of fact, it 

threatens the safe, stable, and efficient operation of microgrids. Consequently, it is becoming 

increasingly essential to research on optimal scheduling. Upon that, unlike traditional 

centralized power systems, microgrids can demonstrate stronger coupling relationships 

among renewable generation, energy storage systems, and load demand. The bidirectional 
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power exchange between the microgrid and the utility grid might increase the operational 

complexity of the system further. In real-world operation, the scheduling strategy must 

simultaneously take into account economic efficiency, power balance, renewable energy 

utilization, energy storage constraints, along with real-time response capability. As a matter 

of fact, microgrid energy management is essentially a multi-objective and highly dynamic 

optimization problem under uncertainty. 

Existing research indicates that conventional microgrid optimization can always be 

dependent on day-ahead offline deterministic methods, which means, such models are based 

on the assumption that source and load outputs are known point predictions, which 

sometimes might be flawed. Researchers have explored various deterministic approaches, 

for example, Varasteh et al. proposed a bi-level iterative optimization for microgrid 

expansion and operation, additionally, Li and Xu developed a MILP-based coordinated 

energy scheduling model for multi-energy microgrids. Moreover, Sun et al. utilized 

improved algorithms to maximize renewable energy use and simultaneously meet electric 

vehicle (EV) charging demands. 

Apart from the abovementioned studies, Hu, Wang and Gooi introduced a method for 

microgrid energy management which includes 2 stages, in their method, at the same time of 

satisfying system constraints, day-ahead unit commitment and hour-ahead economic 

dispatch are combined to reduce operating costs. Meanwhile, Alanazi, Lotfi and Khodaei 

has also developed another method, which can be described as a coordinated optimal 

scheduling model for hybrid AC/DC microgrids, based on their model, for improving 

computational tractability sake, the scheduling problem was formulated as a mixed-integer 

linear programming model. Lastly but not least, Li and Li did some further research in 

isolated microgrids with renewable generation, taking into account electric vehicle demand 

response, their work revels that EV charging flexibility can be integrated into microgrid 

scheduling in order to improve load-side participation. These researches done reveal that, 

the deterministic and MILP-based scheduling method sometimes is able to effectively 

coordinate renewable generation, energy storage, grid interaction and controllable loads 

under forecasted operating conditions. However, under some circumstances the method can 

be flawed, to elaborate, the performance of the method can be very dependent on how 

accurate forecasted source and load profiles is, under the circumstances the actual renewable 

output or load demand deviates significantly from the predicted values, the pre-scheduled 

decisions may become less effective, this can cause power imbalance, increased correction 
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burden and reduced economic performance. Therefore, although deterministic scheduling 

provides an important foundation for microgrid energy management, but it remains 

insufficient for handling strong uncertainty and short-term fluctuation in renewable-

dominant microgrid systems.  

Despite all these research endeavours, deterministic models fail to account for prediction 

errors, resulting in rigid decisions, which may deviate significantly from actual operations 

during large fluctuations. To address such problems, stochastic programming has been 

applied to characterize random parameters through discrete scenarios. For instance, 

Bornapour et al. used scenario-based methods to schedule renewable and thermal units 

under uncertain wind and solar radiation, in addition, Li et al. proposed a two-stage 

stochastic optimization for multi-energy microgrids. Nevertheless, the accuracy of these 

offline scenario generations decreases over longer time scales, deteriorating scheduling 

performance. 

In recent years the industry has been widely adopting the rolling optimization mechanism of 

Model Predictive Control (MPC) since it has an outstanding ability to adjust system 

behaviour online using real-time information. Even though classical MPC enhances 

robustness, it remains fundamentally deterministic and cannot handle the inherent 

stochasticity of renewable sources, due to such limitations, it leads to the development of 

Stochastic MPC (SMPC)(Mesbah, 2016). Researchers like Jiao et al. have integrated robust 

and stochastic MPC to balance performance and computational complexity. Moreover, in 

order to ensure scheduling decisions remain valid at predefined confidence levels, chance-

constrained programming models within the MPC framework have been implemented. 

Taking the abovementioned advancements in SMPC into account, most optimal scheduling 

methods are still based on utilising fixed-period intervals, such as 15, 30, or 60 minutes. 

Fixed coarse time resolutions cause difficulties of managing the volatility of source and load, 

more concerningly, excessively fine resolutions decrease operational efficiency. Although 

some studies have explored adaptive period division—such as Zheng et al. using Hilbert-

Huang transforms or Wang et al. scaling periods based on energy storage capacity, However, 

these methods are often deterministic or subjective, which means, neglecting the influence 

of uncertainty during the division process. 

In order to fill the gap, this thesis aims to propose a a novel two-layer rolling optimization 

framework based on Adaptive Stochastic Model Predictive Control (AS-MPC). The 

primary contributions include: 
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1. A Two-Layer Scheduling Model: The upper layer utilizes a scenario-based chance-

constrained programming model for pre-scheduling, while the lower layer performs 

real-time power compensation using energy storage to smooth fluctuations. 

2. Adaptive Period Division: This thesis introduces a method based on Wasserstein 

distance-based hierarchical clustering. The new introduced method allows the 

system to adaptively divide periods based on distribution similarity, which helps 

making a balance between computational efficiency and scheduling accuracy. 
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2. Modelling of Microgrid System 

In this chapter, discussions are made about the physical architecture and mathematical 

foundation of the microgrid system used in this research. The modelling process is of 

significance for capturing the dynamic behaviour of distributed energy resources (DERs) 

and defining the constraints necessary for the proposed two-layer Adaptive Stochastic 

Model Predictive Control (ASMPC) framework. 

2.1  Microgrid Architecture and Operating Modes 

In this thesis, the microgrid studied is defined as a small-scale regional autonomous system, 

which is integrating distributed power sources, energy storage devices, and loads. In terms 

of structures, the microgrid operates in a grid-connected mode and it is linked to the external 

utility grid through a Point of Common Coupling (PCC). 

This connection allows for bidirectional power flow (𝑃!"#$), this connection will allow the 

microgrid to purchase electricity when internal generation is insufficient or sell excess power 

back to the main grid, the practice enables maximising economic benefits. The system is 

managed by an Energy Management Center (EMC), which receives real-time signal flows 

and coordinates the energy flows between generation units, storage systems, and loads based 

on the proposed rolling optimization strategy. 

2.2  Overview of Microgrid Components 

The specific configuration of the microgrid system includes the following core components: 

i. Renewable Energy Sources (RES): The system generation profile includes two parts, a 
wind farm (WT1) and two photovoltaic power stations (PV1 and PV2). These units provide 

clean energy (𝑃% and 𝑃&’) but can introduce a significant stochasticity into the system. 
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ii. Hybrid Energy Storage System (HESS): Endeavours to manage power imbalances 

effectively, a hybrid storage system containing batteries and supercapacitors is implemented. 

● Batteries: Having characters of high energy density, batteries are capable of 

storing large amounts of energy over longer durations. In this model, they are 

mainly utilized in the upper-layer pre-scheduling stage in order to participate in 

economic dispatch and load shifting (arbitrage). 

● Supercapacitors: Features high power density, supercapacitors can charge and 

discharge rapidly. In the lower-layer control stage, they are preferentially used for 

smoothing high-frequency power fluctuations and compensating for immediate 

scenario prediction errors. 

Aggregate Load: The system serves a local demand (PL), which includes various consumer 

loads that must be reliably supplied. 

2.3  Operating Characteristics of Microgrids 

Fundamentally, the operation of the microgrid can be defined by the uncertainty of its 

components. Renewable energy generation and load demand are highly susceptible to 

external factors such as weather conditions, geographic locations, and human activities. 

Uncertainty Modeling: Unlike traditional deterministic models, this research is based on 

the assumption the prediction errors for load demand, wind power as well as PV power 

follow a Gaussian distribution. These probability distributions are established based on 

actual measurement data collected over fixed periods. 

Correlation Dependency: The dependency relationship between different renewable 

outputs is one of the most significant operating characteristics. Therefore, the model 

explicitly considers the correlations embedded in wind and photovoltaic outputs (e.g., spatial 

correlations), based on the fact that negligence of these can affect the combinatorial behavior 

of scenario sets and increase decision-making risks. 
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Battery Degradation: The economic operation of the battery is subject to constraints by its 

physical degradation. The degradation cost (C_B_deg) is modeled as a function of the 

battery's replacement cost (𝐶(), the power output (𝑃(), and the battery life (𝐿(), which 

depends non-linearly on the discharge depth (𝑑(). 

2.4  Power Balance and Operational Constraints 

In endeavour of ensuring safe and stable operation of the microgrid, its mathematical model 

is constrained by rigorous equality and inequality. These are applied across both the upper-

layer pre-scheduling horizon (𝑇() and the lower-layer real-time horizon (𝑇)). 

i. Power Balance Constraints (Chance-Constrained)  

The fundamental requirement is that the sum of power from the grid (𝑃*"#$), wind turbines 

(𝑃%), photovoltaics (𝑃&’), and energy storage discharge must equal the load demand (𝑃)) 

plus energy storage charging. In the upper layer, due to the randomness of PW and PPV, this 

is formulated as a chance constraint: 

𝑃𝑟{𝑃*"#$(𝑡+) + ∑𝑃%(𝑡+) + ∑𝑃&’(𝑡+) + 𝑃,-..(𝑡+) = 𝑃)(𝑡+)} ≥ 𝛼 
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This ensures that the probability of the scheduling decision being valid is not less than a 

predefined confidence level α (set to 0.80 in this study). 

ii.  Grid Interaction Constraints 

The power exchanged with the utility grid is limited by the capacity of the transmission line 

and the transformer. The power PGrid(tu) must remain within the lower limit (PGrid,min) 

and upper limit (PGrid,max). 

𝑃*"#$,0#1 ≤ 𝑃*"#$(𝑡+) ≤ 𝑃*"#$,023 

iii. Battery State and Power Constraints 

The battery operation is constrained by its maximum charging (𝑃(,45,023) and discharging 

(𝑃(,$#6,023) power limits. Furthermore, to prevent over-discharge or over-charge, the State 

of Charge (SoC), represented as the ratio of stored energy EB(𝑡+) to actual capacity EBA

(𝑡+), must remain within 𝑆(,0#1 and 𝑆(,023. The energy evolution equation describes how 

the stored energy changes based on charging/discharging efficiency (η_Bc,η_Bd).  

iv. Supercapacitor Constraints 

The supercapacitor in the lower layer is similar to the battery, which is constrained by its 

rated capacity (𝐸.7!"#$) and power limits (𝑃.7,45,023,𝑃.7,$#6,023). Its degradation is also 

modeled, converting long-term replacement costs into short-term operating costs to prevent 

excessive wear during high-frequency compensation. 
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3. Adaptive Stochastic Model Predictive Control for Microgrid 

Scheduling 

In this chapter, the core methodology of the research is introduced, which is Adaptive 

Stochastic Model Predictive Control, ASMPC for microgrid scheduling, unlike traditional 

deterministic MPC, the approach we will introduce in this study explicitly considers the 

uncertainties associated with renewable generation and load demand, these uncertainties are 

incorporated into the predictive control framework through probabilistic modelling and 

stochastic optimization. 

Additionally, based on real-time prediction errors, an adaptive mechanism is introduced in 

order to dynamically update uncertainty parameters. Thanks to continuously adjustment of 

the model parameters and prediction horizon, the proposed ASMPC approach helps improve 

system robustness against fluctuations in renewable generation and load demand, at the same 

time, it maintains computational efficiency.  

The sections below will begin with description of the uncertainty modelling of renewable 

energy sources and load demand, followed by formulation of the optimal scheduling model 

based on ASMPC. 

3.1  Uncertainty Modelling of Renewable Energy and Load 

For reliable microgrid scheduling sake, it is essential to model uncertainties accurately. 

Renewable energy generation and load demand are inherently stochastic and challenging to 

ensure high accuracy predictions. Therefore, this section establishes probabilistic model for 

wind power, photovoltaic (PV) generation along with load demand. 

Let the predicted value and actual value of a variable at time step k be denoted 

by x’(k) and x(k), respectively. The prediction error can be expressed as 

𝑒3(𝑘) = 𝑥(𝑘) − 𝑥′(𝑘) 

where x represents wind power output, PV power output, or load demand. 
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3.1.1  Renewable Energy Generation Uncertainty 

Renewable energy sources such as wind and solar power are highly dependent on weather 

conditions; therefore, it can exhibit significant variability. 

The wind power prediction error cam be expressed as the sum of the predicted value and a 

stochastic prediction error: 

𝑃%(𝑘) = 𝑃%8 (𝑘) + 𝑒9(𝑘) 

Wind Power Uncertainty 

The wind power prediction error is universally modelled as a Gaussian distribution with zero 

mean: 

𝑒9(𝑘) ∼ N(0, σ9: ) 

  

where σ_W represents the standard deviation of wind prediction errors. This parameter can 

be estimated using historical forecasting data and updated dynamically within the adaptive 

control framework. 

Photovoltaic Power Uncertainty 

Similar to wind power, photovoltaic power output is affected by solar irradiance and cloud 

coverage. The PV output can be modelled as 

𝑃&’(𝑘) = 𝑃&’8 (𝑘) + 𝑒&’(𝑘) 

Where 

𝑒&’(𝑘) ∼ N(0, σ&’: ) 

If multiple PV units exist in the microgrid, their prediction errors may exhibit spatial 
correlations due to common weather conditions. Therefore, the joint uncertainty of 
renewable energy generation can be represented using a multivariate distribution. 

Let the renewable energy error vector be defined as 

𝑒;-.(𝑘) = [𝑒%(𝑘), 𝑒&’<(𝑘), 𝑒&’:(𝑘)]= 

Which follows 

𝑒;-.(𝑘) ∼ N(0, Σ>?@) 

 

Where Σ>?@ is the covariance matrix describing the correlation among renewable sources. 
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3.1.2  Load	Demand	Uncertainty	Modelling 

Apart from wind power and photovoltaic power, load demand demonstrates an apparent 

stochasticity as well. Load fluctuation mainly originates from change of patterns of human 

behavior, ambient temperature as well as local consumption events, therefore, there is always 

a forecast error between the estimated load and actual load that cannot be ignored. When 

scheduling microgrid, ignoring this error can lead to discrepancies between planned power 

output and actual net load, which increases real-time compensation pressure and impacting 

system operational economics. 

Let the forecasted load at time k be 𝑃8)(𝑘), and the actual load be 𝑃)(𝑘), then the load 

forecast error can be expressed as: 

𝑒)(𝑘) = 𝑃)(𝑘) − 𝑃)8(𝑘) 

 

Considering the methodologies of processing the uncertainties of wind power and 

photovoltaic power, we have modelled load forecasting errors as zero-mean Gaussian 

random variables, which can be expressed as: 

𝑒)(𝑘) ∼ N(0, σ):) 

In this formula, σA  represents the standard deviation of forecasted load. In the current 

simulation implementation, σA is not obtained from offline fitting from a historical database, 

instead, it was built based on a synthetic but engineering-reasonable load profile to 

characterize the dispersion of the load forecast error during the rolling optimization. 

Meanwhile, in order to ensure the consistency with wind and photovoltaic scenarios, load 

errors and renewable energy error are both taken into account of a joint error vector, which 

enables a more precise modelling, the current code implements the following error vector 

from:  

It is assumed that it follows multivariate Gaussian distribution 

𝑒(𝑘) ∼ N(0, Σ) 

Wherein, Σ  represents covariance matrix, which is used to describe the correlation 

dependency between the error of load, wind power and photovoltaic power. In addition, in 
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order to reflect the temporal continuity of prediction errors at adjacent times further, a first-

order autoregressive process in introduced while doing the scenario generation, which 

facilitate the characterization of the temporal correlation of errors. Therefore, the uncertainty 

model implemented in this thesis not only considers the magnitude of errors at a single 

moment, but also takes the horizontal correlation if error propagation along the axis into 

account, which provides a solid foundation for the subsequent implementation of the 

scenario-based method and rolling optimization. For the current code programmed, the joint 

Gaussian scenario of wind and photovoltaic power and load, along with the AR(1) temporal 

correlation, have been implemented they are also used for the upper-level stochastic 

optimization. 
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3.2  Optimal Scheduling Model Based on ASMPC 

In order to achieve economical and stable operation of microgrid under uncertain 

environments, this thesis proposes a two-layer rolling scheduling framework based on 

Adaptive Stochastic Model Predictive Control (ASMPC). This framework comprises of an 

upper-layer pre-scheduling as well as a lower-layer real-time compensation. The upper-layer 

takes the responsibility of economic optimization within the prediction horizon, meanwhile, 

the lower-layer rapidly corrects the energy storage and grid switching power based on the 

actual net load deviation. According to the current implementation of Python-based code, 3 

strategies are included in the comparison, which include Deterministic Model Predictive 

Control, Fixed-Horizon Stochastic Model Predictive Control and Adaptive Stochastic Model 

Predictive Control. Wherein, the difference between Adaptive SMPC and Fixed-Horizon 

SMPC is not changing the rolling window length, but performing adaptive segmentation 

within a fixed rolling horizon, which reduces the scale of optimization variables. 

Upper-layer Rolling Optimization Model 

During the upper-layer pre-scheduling stage, the system optimises future time periods using 

a fixed rolling window length H. According to the Python code and experimental settings in 

this research, the length of the rolling window is set to 12 time steps (base horizon = 12), 

with a time resolution of 15 minutes, consequently a single forecast covers a 3-hour time 

horizon. The variables related to decision-making for the upper-level optimisation primarily 

include: batter discharge power 𝑃(,$#6 , battery charging power 𝑃(,45 , main grid power 

purchase 𝑃!"#$,#0B, and main grid power 𝑃*"#$,C3B. Since the current implementation uses a 

linear programming (LP) solver, both battery degradation and electricity purchase/sale costs 

are described using linearized cost terms. Therefore, the upper-level objective function can 

be expressed as follows: 

minD E𝑐D
E+F𝑃*"#$,#0B(𝑡) − 𝑐D6CGG𝑃*"#$,C3B(𝑡) + 𝑐(

$C! G𝑃(,$#6(𝑡) + 𝑃(,45(𝑡)HI
D∈=%
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Wherein, 𝑐D
E+F and 𝑐D6CGG represent the time-varying buy price and sell price, 𝑐(

$C! 

represents the battery degradation cost. 

Within each rolling period, the upper-level model needs to satisfy the power balance 

constraint: 

𝑃(,$#6(𝑡) − 𝑃(,45(𝑡) + 𝑃*"#$,#0B(𝑡) − 𝑃*"#$,C3B(𝑡) = 𝑃J1CD(𝑡) 

Wherein, 𝑃J1CD(𝑡) is the forecast net load, it is defined as forecast load minus the wind power 

forecast and the photovoltaic forecast. Additionally, the upper layer also needs to satisfy the 

grid interaction constraint, battery power constraint, and state of charge (SOC) constraint: 

P!"#$,0#1 ≤ PIJKL(𝑡) ≤ PIKJL,MNO 

0 ≤ 𝑃(,$#6(t) ≤ P(,$#6MNO 	, 0 ≤ 𝑃(,4ℎ(t) ≤ P(,45MNO	,	 

𝑆𝑂𝐶(0#1 ≤ SOCP(𝑡) ≤ SOC(MNO 

It is notable that in the current implementation, the chance constraint is not solved directly 

using strict analytical expressions, instead, it is through a quantile approximation based on 

scenario sets. Specifically, load, wind power and photovoltaic power scenarios are first 

generated using a joint Gaussian distribution and AR(1) time correlation, and then mapped 

to net load scenarios; Subsequently, quantile extraction is used to derive upward and 

downward reserve requirements, which are then incorporated into the power reserve and 

energy reserve constraints in the upper-level optimization. This approach not only embodies 

the principles of stochastic optimization but also maintains the model’s tractability, ensuring 

consistency with the current linear programming solution framework. 

Lower-layer Real Time Compensation Model 
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Since the upper-level pre-scheduling is based on the predicted net load to obtain the reference 

power sequence, however, during actual operations the renewable energy output and load 

demand will deviate from predicted values, therefore, real-time compensation is still 

necessary at each control moment. In this research, the lower-layer control logic adopts the 

sequence of "supercapacitor priority - battery assistance - main grid final balancing". Let the 

actual net load at time k be 𝑃1CD24D(𝑘), and the battery reference power and main grid reference 

power given by the upper layer be 𝑃(
"CQ(𝑘) and 𝑃*"#$

"CQ (𝑘), the initial mismatch would be: 

𝛥𝑃(𝑘) = 𝑃1CD24D(𝑘) − 𝑃(
"CQ(𝑘) − 𝑃*"#$

"CQ (𝑘) 

First of all, a supercapacitor (SC) is used to rapidly compensate for the instantaneous power 

mismatch. Due to its high power density and fast charge/discharge capability, the 

supercapacitor is well suited for high-frequency fluctuation smoothing. If a residual 

deviation still exists after the supercapacitor action, the battery does not immediately chase 

all of it. Instead, a small residual deadband and gradual participation rule are imposed, so 

that the battery mainly intervenes for larger or slower deviations while remaining subject to 

its power and SOC constraints. Ultimately, any remaining unbalanced residual is 

compensated by the main grid's power exchange. The actual execution powers obtained from 

this process can be represented as PSC(k), PB(k), and PGrid(k). The control logic therefore 

reflects the functional division of the hybrid energy storage system on the time scale: the 

upper layer mainly focuses on economic dispatch, while the lower layer emphasizes 

deviation compensation with a stronger supercapacitor-first characteristic. 

Adaptive Period Division Mechanism 
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Conventional fixed-time-domain SMPC uses a uniform time resolution throughout the entire 

rolling window, even though it is convenient for modeling, however, when the net load 

demonstrates different fluctuation characteristics across different time intervals, the fixed 

resolution rate will result in an uneven allocation of computational resources. Therefore, to 

address the issue efficiently, this research introduces an adaptive time-division mechanism 

within the fixed rolling window, the fundamental principle is as follows: first obtain the 

feature vector for each time interval within the rolling window, these features include the 

mean, standard deviation and ramp rate. Afterwards, the adjacent hierarchical clustering is 

implemented for dynamic merging, which allows adjacent time intervals to be clustered 

only, this ensures the temporal sequence structure being maintained, finally, fewer decision 

variables within intervals with similar distributions are used, whilst retaining a finer-grained 

description in intervals with significant fluctuations. 

With regards to the distance metric, this thesis adopts a weighted combination of the 

Gaussian Wasserstein distance approximation and the normalized feature distance as the 

basis for determining the similarity between adjacent time periods. If the distribution 

characteristics of two adjacent intervals are sufficiently similar, they are merged into a single 

adaptive segment; otherwise, a finer resolution is maintained. Through this mechanism, the 

number of upper-level optimization variables can be reduced without altering the fixed 

rolling window length, thereby improving online computational efficiency. This also 

constitutes the core distinction between Adaptive SMPC and Fixed-Horizon SMPC. 

In a nutshell, the ASMPC scheduling model introduced in this thesis does not simply 

combine stochastic optimization and MPC in parallel, instead, it forms a unified framework 

through the use of ‘scenario-based methods, quantile-based approximation of chance 

constraints, two-level compensation and adaptive time-sharing’. This framework retains the 

ability of stochastic optimization to describe uncertainty, utilizes the rolling feedback 

mechanism of MPC to enhance online adaptability, and reduces computational complexity 

through the adaptive time-sharing mechanism. 
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4. Case Studies and Simulation Results 

For validation of effectiveness of the proposed ASMPC method, in this thesis, a python-

platform based microgrid dispatch simulation program is constructed, the overall structure 

of the code is shown in the figure 1, which depicts the function in each part, additionally, 

comparative experiments under a stress synthetic profile are also conducted. The code 

programmed features a single-file reproducible implementation, and its core functions 

include rolling optimization solution, scenario generation, adaptive time-sharing, real-time 

compensation control, and statistical analysis of repeated experiments. The primary 

objective of the simulative platform is to validate when there are source load uncertainties 

taken into account, whether the Adaptive SMPC can reduce the optimization scale and 

improve online computational performance while maintaining dispatch feasibility. The 

relevant methodologies and simulation framework are clearly provided in the code 

documentation. 
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Figure 1.  Diagram of the Python code 

4.1  Simulation Setup 

In the simulation, a scheduling period of 24 hours is implemented, with a time step of 15 

minutes, resulting in 96 time periods. The upper-level rolling optimization window length is 

set to 12 steps, corresponding to a 3-hour prediction horizon; the number of scenarios is set 

to 200; and the confidence level parameter α is set to 0.80. For the energy storage 

configuration, the battery has a rated capacity of 80 kWh, a rated power of 35 kW, and an 

initial SOC of 0.55; the supercapacitor has a rated capacity of 8 kWh, a rated power of 25 

kW, and an initial SOC of 0.50. The maximum grid import and export powers are set to 120 

kW and 80 kW, respectively. In the final simulation setting, batt_corr_cost is set to 0.035, 

the stochastic scheduling quantile is 0.65, the adaptive target ratio is 0.68, the adaptive stop 

threshold is 1.25, and the battery correction deadband and full-support thresholds are 7 kW 

and 16 kW. To enhance the reliability of the reported results, 5 repeated runs were conducted 

using different random seeds. All numerical values reported below are derived from the 

metadata and CSV outputs of this final run, an example is shown in Figure 2. 

The python simulation program refers to the research direction and partial prototype code 

provided by Lecturer Jinxing Hu. Based on her foundation and material supplied, the final 

ASMPC implementation, adaptive segmentation mechanism, real-time compensation logic, 

repeated experiments, and result visualization was modified and completed for this thesis. 

Additionally, the numerical calculation, data processing, optimization solution, and plotting 

were implemented using NumPy, pandas, SciPy, and Matplotlib. Moreover, Codex by 

OPENAI was used to improve and optimize the code and correcting bugs. 
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Figure 2.  Screenshot of the Simulation Environment 

For strategy settings, this research compares the below 3 scheduling methodologies: 

i. Deterministic MPC: Rolling optimization is performed using only the predicted mean, 

without considering uncertainties. 

ii. Fixed-Horizon SMPC: Approximate backup constraints based on scenario quantiles are 

introduced within a fixed rolling window. 

iii. Adaptive SMPC: Adaptive time-sharing within a fixed rolling window is further 

introduced on top of Fixed-Horizon SMPC. 
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In order to comprehensively assess the performance of different strategies, the below indexes 

are selected as the grounds of the comparison: total operating cost, battery correction energy, 

supercapacitor throughput, decision variables per roll, mean solve time, optimization success 

rate as well as the final SOC status. In this experiment, since under the circumstances of all 

the 3 strategies, energy and curtailed energy are close to zero, therefore, the analysis of the 

result will focus on economic efficiency, computational complexity, and real-time response 

characteristics. 

4.2  Simulation Results and Comparative Analysis 

Based on the aggregated results from 5 repeated experiments, all three strategies maintained 

a 100% optimization success rate, which strongly demonstrates that the current model has 

good feasibility under the given parameters. Meanwhile, the renewable utilization ratio is 

close to 1 under all three methods, indicating that in the current test scenario, the system can 

basically absorb wind and solar power output, and there is no significant wind or solar 

curtailment. 

With regard to economic efficiency, the average total costs of Deterministic MPC, Fixed-

Horizon SMPC, and Adaptive SMPC are 688.233, 692.300, and 692.936, respectively. Thus, 

Adaptive SMPC remains 0.636 higher than Fixed-Horizon SMPC and 4.703 higher than 

Deterministic MPC in the present synthetic case. In comparison with the non-optimized grid-

only baseline, the average cost reductions are 6.23% for Deterministic MPC, 5.69% for 

Fixed-Horizon SMPC, and 5.60% for Adaptive SMPC. Therefore, the economic conclusion 

in this thesis should be stated conservatively: Adaptive SMPC is competitive for economic 

considerations and close to Fixed-Horizon SMPC, however, the lowest total cost in the 

current test scenario is still obtained by Deterministic MPC. 
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When it comes to optimization scale, Adaptive SMPC still demonstrates a clear 

dimensionality reduction advantage. Its average number of decision variables per rolling 

optimization step is 34.00, whereas Deterministic MPC and Fixed-Horizon SMPC both 

require 45.25. This corresponds to a 24.86% reduction relative to Fixed-Horizon SMPC. 

Although the reduction is more moderate than in some earlier draft results, it is still makes 

sense because it is achieved without changing the fixed rolling window length and while 

preserving full feasibility and competitive economic performance. This result can still 

remain consistent with the theoretical design of dynamic segmentation within a fixed rolling 

window. 

When it comes to the real-time response and solution efficiency, the average battery 

correction energies of Deterministic MPC, Fixed-Horizon SMPC, and Adaptive SMPC are 

58.493, 78.109, and 80.052 kWh, respectively. This indicates that the stochastic strategies 

still require more lower-layer correction than the deterministic benchmark when uncertainty 

is explicitly considered, however, the revised supercapacitor-priority plus battery-deadband 

control prevents the battery correction burden from escalating excessively. The 

corresponding mean solve times are 0.000628 s for Deterministic MPC, 0.000778 s for 

Fixed-Horizon SMPC, and 0.000681 s for Adaptive SMPC. Therefore, Adaptive SMPC 

reduces average solve time by about 12.46% relative to Fixed-Horizon SMPC, although it 

remains slightly slower than Deterministic MPC. Combined with the 24.86% reduction in 

decision variables, this strongly supports the claim that adaptive segmentation provides a 

meaningful online computational benefit even in a small-scale case. 

The following figures present the main simulation outputs generated directly by the Python 
program used in this research. 
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Figure 3. Comparative performance metrics of Deterministic MPC, Fixed-Horizon SMPC, and 

Adaptive SMPC. 

As illustrated in Figure 3, all the three scheduling strategies are able to exhibit relatively 

similar overall operational characteristics under the current simulation settings. 

Deterministic MPC achieves the lowest operating cost compared with the other methods, at 

the same time, both stochastic scheduling strategies demonstrate slightly increased battery 

correction energy and computational burden. Nevertheless, Adaptive SMPC maintains 

competitive economic performance and simultaneously reducing optimization 

dimensionality compared with Fixed-Horizon SMPC. The results indicate that adaptive 

segmentation can partially offset the additional computational burden introduced by 

stochastic optimization. 
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Figure 4. Mean solve time and optimization success rate of the three scheduling strategies. 

Figure 4 further demonstrates the computational characteristics of the proposed scheduling 

strategies. Although all methods maintain a 100% optimization success rate, noticeable 

differences still exist in online solving efficiency. Compared with Fixed-Horizon SMPC, 

Adaptive SMPC achieves lower mean solve time while preserving the stochastic 

optimization framework. This result suggests that adaptive segmentation effectively 

compresses the optimization scale without sacrificing scheduling feasibility under the 

current operating conditions. 
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Figure 5. Adaptive SMPC dispatch trajectory, actual net-load tracking, and storage state evolution. 

Figure 5 presents the dispatch trajectory and storage state evolution under Adaptive SMPC. 

The actual net-load tracking result shows that the proposed lower-layer compensation 

strategy can effectively follow load fluctuations while maintaining overall power balance. 

Meanwhile, the battery SOC and supercapacitor SOC remain within their allowable 

operating ranges throughout the scheduling horizon, indicating that the introduced 

hierarchical energy storage control strategy successfully prevents excessive overcharge or 

overdischarge conditions. In addition, the supercapacitor demonstrates more rapid short-

term fluctuation compensation characteristics, whereas the battery mainly participates in 

lower-frequency energy balancing. 
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5. Discussion 

The simulation results in this thesis reveal that the introduced two-layer scheduling 

framework based on Adaptive SMPC demonstrates excellent feasibility, reliability, and 

economic efficiency under all test conditions. The three optimization strategies achieve a 

100% optimization success rate, while the renewable energy utilization rate remains close to 

1 and the power balance residual remains close to 0. These results prove that the constructed 

upper-layer rolling optimization and lower-layer real-time compensation mechanism can 

operate stably while considering stochasticity. Overall, the scheduling framework 

effectively coordinates power distribution among the main power grid, battery storage, and 

supercapacitors, thereby maintaining safe and efficient system operation. 

From the perspective of economic efficiency, Deterministic MPC demonstrates the lowest 

average operating cost in the small-scale simulation conducted in this thesis, while Fixed-

Horizon SMPC and Adaptive SMPC exhibit slightly higher costs. However, these results 

should not be interpreted as indicating poor performance of stochastic optimization methods. 

Instead, they reveal the strategic differences caused by uncertainty modeling.  

Deterministic MPC optimization is based on predicted average values, and the objective 

function of it targets the current expected state directly. As a result, when there is mild 

uncertainty, it can demonstrate better economic performance. In contrast, Adaptive SMPC 

considers the uncertainty distribution of multiple scenarios during scheduling, which causes 

the strategy to be more conservative and sacrificing some degree of economic performance 

in exchange for stronger robustness. Consequently, such cost differences inherently reflect 

the trade-off between economic optimization and uncertainty-handling capability. 

Compared with the baseline scenario, where only the main power grid supplies power, all 

three optimization strategies are capable of reducing operational costs significantly, this 

validates how effective the proposed scheduling framework is. These results demonstrate 

that no matter whether deterministic or stochastic methods are adopted, the implementation 

of collaborative energy storage scheduling can substantially improve the economic 

efficiency of microgrid operation. However, in the comparison among optimization methods, 

the stochastic model does not achieve a cost advantage in the current case, which further 

indicates that its advantages are more strongly reflected in uncertainty-handling capability 

rather than in a single economic indicator. 
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Talking about optimization scale, Adaptive SMPC possesses a clear advantage. By 

introducing an adaptive time-segmentation mechanism within a fixed rolling prediction 

window, the method can dynamically merge adjacent time periods according to net load and 

uncertainty characteristics. Lower resolution is used during periods of moderate changes, 

while higher resolution is maintained during periods of severe fluctuations, thereby reducing 

the number of decision-making variables without changing the prediction horizon length. In 

this study, Adaptive SMPC reduces the number of decision-making variables in each rolling 

optimization by approximately 25%. This result demonstrates that the proposed adaptive 

segmentation method can effectively compress the optimization problem scale. 

In terms of computational performance, the average solution time of Adaptive SMPC is 

lower than that of fixed-step-length SMPC, although it remains slightly higher than that of 

Deterministic MPC. This result indicates that the adaptive segmentation mechanism 

alleviates the computational burden introduced by stochastic optimization to some extent. 

However, because the method still needs to handle multi-scenario uncertainty, its 

computational complexity remains higher than that of deterministic models. Therefore, the 

advantage of Adaptive SMPC should be understood as improving the computational 

feasibility of stochastic optimization rather than outperforming deterministic methods in all 

situations. In larger-scale systems or more complex scenarios, its dimensionality-reduction 

advantages are expected to become more significant. 

For lower-layer real-time control, this study adopts a hierarchical control strategy consisting 

of “supercapacitor priority – battery assistance – main power grid compensation,” while also 

introducing a battery response dead zone and progressive participation mechanism to avoid 

excessive battery response to small power deviations. Simulation results show that the 

proposed control strategy effectively reduces the real-time correction burden on the battery 

while maintaining system power balance and ensuring that energy storage equipment 

operates within a reasonable range. Although the battery correction energy under stochastic 

scheduling methods remains higher than that under deterministic methods, it has been 

significantly improved compared with the initial model. These results demonstrate that the 

lower-layer control strategy can achieve a reasonable division of labor among energy storage 

devices without compromising system stability. 

It should be noted that the relatively high battery correction energy observed in stochastic 

scheduling methods is not a flaw but rather an inevitable consequence of accounting for 
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uncertainty. Because the upper-layer scheduling considers multiple scenario deviations, the 

system must cope with a broader range of load variations during actual operation. As a result, 

lower-layer energy storage devices undertake more compensation tasks. From an 

engineering perspective, avoiding unstable correction behavior is more important than 

pursuing a correction level fully consistent with deterministic methods. In this study, 

Adaptive SMPC achieves satisfactory performance in controlling battery correction 

magnitude. 

Although several achievements have been made in this study, there still can be some 

limitations. First and foremost, the simulation data are synthetic data referring to and derived 

from real-world engineering scenarios, in other words, the methods has not yet been 

validated using actual measured data. Additionally, this thesis employs a quantile-based 

chance-constrained approximation method instead of a rigorous analytical stochastic 

optimization model. Although this approach is able to optimize computational efficiency, it 

may also reduce the accuracy of risk characterization. Furthermore, battery degradation cost 

is modeled linearly, which does not fully capture its complex physical characteristics. Lastly 

but not least, the current experimental scale remains relatively very small, and the pros of 

adaptive segmentation in large-scale systems require further verification. 

It is advisable for future research to pay more attention to the following directions: 

introducing real microgrid operational data for validation; exploring more rigorous 

stochastic optimization methods such as CVaR	 (Wang et al., 2019); constructing more 
refined energy storage models; testing the performance of adaptive segmentation methods 

in larger-scale systems; and applying the proposed method to practical energy management 

systems to evaluate its engineering feasibility. 

 

6. Conclusion 

In this thesis, an optimal microgrid scheduling method based on Adaptive Stochastic Model 

Predictive Control was investigated, which aims to improve the scheduling feasibility and 

computational efficiency of microgrid operation under renewable energy and load demand 

uncertainties. Additionally, a two-layer scheduling framework was developed, in the 

framework, the upper-layer performs scenario-based rolling optimization, at the same time, 
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the lower-layer takes the responsibility of real-time compensation by using the hybrid energy 

storage and grid interaction. 

The result of the simulation reveals that, under different test conditions, the proposed 

framework can maintain feasible operations, All the three optimization strategies compared 

in this research achieved a 100% optimization success rate and near-unity renewable energy 

utilization. However, even though the Adaptive SMPC did not obtain the best economic 

efficiency in the current case, its cost remains extremely close to Fixed-Horizon SMPC, and 

still demonstrates economic advantage compared with the non-optimized baseline case. The 

most significant finding is, Adaptive SMPC reduced the average number of upper-level 

decision variables per rolling step from 45.25 to 34.00, corresponding to a 24.86% reduction 

relative to Fixed-Horizon SMPC. This demonstrates that adaptive time segmentation can 

effectively reduce the optimization scale while maintaining acceptable scheduling 

performance. 

To wrap up, the overall results obtained in this research are able to support that Adaptive 

SMPC can be considered as a feasible and computationally efficient scheduling framework 

for microgrids with renewable energy uncertainty. However, since synthetic simulation data 

and a simplified linear optimization model was implemented in the current study, future 

work should focus on further validating the proposed method by integrating real microgrid 

operational data, more rigorous stochastic optimization approaches, and larger-scale system 

cases. 
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