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Abstract As an emerging paradigm in distributed power

systems, microgrids provide promising solutions to local

renewable energy generation and load demand satisfaction.

However, the intermittency of renewables and temporal

uncertainty in electrical load create great challenges to

energy scheduling, especially for small-scale microgrids.

Instead of deploying stochastic models to cope with such

challenges, this paper presents a retroactive approach to

real-time energy scheduling, which is prediction-indepen-

dent and computationally efficient. Extensive case studies

were conducted using 3-year-long real-life system data,

and the results of simulations show that the cost difference

between the proposed retroactive approach and perfect

dispatch is less than 11% on average, which suggests better

performance than model predictive control with the cost

difference at 30% compared to the perfect dispatch.

Keywords Microgrid, Renewables, Real-time scheduling,

Perfect dispatch, Grid integration

1 Introduction

Recently, modern electricity supply systems have been

undergoing a dramatic transition toward decentralized,

decarbonized, and democratized power systems. Driven by

this trend, microgrids have emerged as a promising solu-

tion for settling the generation-demand balance locally. In

general, a microgrid integrates distributed energy resources

(DERs), including non-dispatchable renewables and dis-

patchable local generators, and flexible operation modes,

i.e., grid-connected or stand-alone modes [1–3]. To realize

the economic operation of microgrids, it is indispensable to

optimize energy scheduling, for coordinating the internal

DERs of microgrids and an external grid, to minimize the

overall operation cost while satisfying the time-varying

load demand [4, 5].

Unlike traditional power grids, microgrids have unique

drawbacks that preclude the optimization of economic

scheduling [6, 7]. Firstly, the abrupt changes of weather

conditions affect non-dispatchable generation, i.e., solar

photovoltaic (PV) and wind turbines. Secondly, temporal

uncertainty is always associated with volatile load profiles.

Hence, it becomes challenging to make accurate
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forecasting regarding the future state of supply and

demand, which is essential for successful microgrid

scheduling [8].

Existing methods of uncertainty management in micro-

grids for energy scheduling can be categorized into three

classes. The first class of methods formulates the energy

management problem as a day-ahead scheduling problem,

the solution to which is obtained by solving an offline

deterministic problem using the tools of stochastic pro-

gramming [9–14]. For the methods in this class, a sufficient

number of operation scenarios are typically required as

model inputs. Thus, the solution process can be computa-

tionally expensive. Furthermore, the effectiveness of such

methods greatly relies on the representativeness of selec-

tive operation scenarios. For a small-scale microgrid,

stochastic scenarios may not be able to capture time-

changing conditions, as the typical loading profile is highly

volatile and the aggregation effect vanishes. Robust opti-

mization characterizes the second class of methods, which

consider worst-case conditions in the presence of the

highest forecasting error [15–18]. Although robust opti-

mization can treat inherent operation uncertainties, the

obtained scheduling solutions may be too conservative and

uneconomic. The last class of methods includes the

methods for energy scheduling in shorter periods of time,

typically ranging from a few minutes to one hour. This is

also known as real-time scheduling. Many approaches have

been considered, for example, using online optimization

algorithms [19–21] or model predictive control (MPC)

[22–24]. These methods can timely adapt to the fast-

changing operation conditions, while they still require

the information on the future. In Section 3, we discuss

MPC methodology for microgrid real-time applications.

Microgrid energy scheduling can be in general repre-

sented as an across-time correlation problem, in which the

future conditions are considered as necessary inputs.

Obviously, the above-mentioned approaches naturally lead

to proactive decisions based on the forecasting information,

the applicability of which is passively restricted by the

forecasting accuracy. In this sense, prediction-independent

scheduling approaches are of high interest to small-scale

microgrid applications.

The concept of ‘‘perfect dispatch’’ (PD) has been firstly

proposed in the initiative of PJM interconnection to

improve the real-time performance of power grids, which

refers to the least production cost commitment and dispatch

solution by assuming full knowledge of future conditions

and decisions [25]. PD performs retrospective direct opti-

mization by spanning the entire dispatching horizon of

interest. Unfortunately, PD cannot be fully implemented in

real applications because weather conditions cannot be

perfectly forecasted. However, PD solutions can provide

some useful information for scheduling. Inspired by this, a

competitive microgrid scheduling algorithm, CHASE, is

firstly proposed in [26, 27]. Using this algorithm, online

decisions are made by tracking the underlying PD solutions

in a retroactive manner. Distinguished from proactive

approaches, the CHASE algorithm relies on no future

information while the scheduling performance has a strong

guarantee. In a pioneering work described in [26–28], the

foundation is laid and a new direction is suggested for

managing microgrid operation uncertainties based on the

theoretical performance guarantee. Based on CHASE,

rCHASE and iCHASE are proposed in [29] to further

determine the advantages of randomization and interval

prediction for microgrid scheduling. Normally, the CHASE

algorithm is designed for applications to single or multiple

homogeneous local generators. In this paper, we describe a

general retrospection-inspired scheduling algorithm,

hCHASE, which complements and extends the CHASE

algorithm by extending the applicability to scheduling

multiple heterogeneous generators.

2 System model and problem formulation

We consider a small-scale microgrid as a single-bus

system comprising of multiple local generators, renew-

ables, and an aggregated load. This system connects to an

external grid, which can complement power imbalance of

the microgrid in a due course. The system model is shown

in Fig. 1.

In this paper, the microgrid energy scheduling problem

is formulated based on the following assumptions:

1) The microgrid system operates in a self-sustained

manner. The power mismatch between scheduled

power and system net load is met by the external grid.

2) Renewable generators, including solar PV and wind

turbines, are free-running and non-dispatchable.

3) The microgrid system operates in a time-slotted

manner. Dispatch orders are periodically sent to

dispatchable units at the beginning of each time slot

and take effect without time delay.

4) We deploy a steady-state energy model assuming the

generation output of local generators, renewables, and

load demand at each time slot to be constant.

5) Renewable generation and electrical load demand are

merely predictable at a certain accuracy rate d. Sec-

tion 2.1 provides the mathematical model of renew-

able forecasting. Day-ahead forecasting of the system

net load is difficult at a satisfactory accuracy rate,

while a general trend can be obtained as a model input.

This assumption is reasonable based on the state-of-

the-art forecasting techniques of renewables and

residential load [30, 31].
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2.1 Renewable energy generation and system net

load

In each time slot t, the electrical load and renewable

energy generation (e.g., solar PV and wind energy) are

denoted as PeðtÞ and PrenewableðtÞ, respectively. The system
net load is defined as:

PloadðtÞ ¼ PeðtÞ � PrenewableðtÞ ð1Þ

In practice, a future net load is forecasted with specific

techniques for energy scheduling purposes. For the

convenience of analysis, we use the following model to

approximate the forecasting process:

gðt þ rÞ� P�
loadðt þ rÞ

Ploadðt þ rÞ � 2� gðt þ rÞ ð2Þ

where P�
loadðtÞ is the forecasting net load at time slot t; r is

the number of look-ahead steps and g is defined in (3).

gðt þ rÞ ¼ rðd � 1Þ þ 1 ð3Þ

where d is the forecasting accuracy and d 2 ½0; 1�.

2.2 Conventional generation

In this paper, conventional thermal generators (e.g., gas

turbines, steam turbines, and diesel generators) are

considered as the only dispatchable units for maintaining

the power balance in the microgrid. This study deploys a

linear cost model for a specific local generator by inte-

grating the start-up, sunk, and incremental operation costs,

which is formulated as:

CðyiðtÞ;PiðtÞÞ ¼ cincri PiðtÞyiðtÞ þ csunki yiðtÞ þ cstarti ½yiðtÞ
� yiðt � 1Þ�þ

ð4Þ

where yiðtÞ and PiðtÞ are the operation on/off status and the

output power of generation unit i at time slot t, respec-

tively; cincri , csunki , cstarti are the incremental, sunk, and start-

up costs of unit i, respectively; ‘‘?’’ means taking the

positive number.

Thermal local generators in a microgrid normally

operate subject to the following operational constraints.

1) Power limit constraint

Pmin
i �PiðtÞ�Pmax

i ð5Þ

where Pmin
i and Pmax

i are the minimal power output and the

power capacity of generation unit i, respectively.

2) Power balance constraint

Given that there are N local generators in the

microgrid, we obtain:

XN

i¼1

PiðtÞ þ PgridðtÞ�PloadðtÞ ð6Þ

where PgridðtÞ is the power extracted from the main grid at

time slot t.

3) Ramp-up and ramp-down constraints

The incremental output of a thermal generator in

two consecutive time slots is limited by the ramp-up

and ramp-down rates P
up
i and Pdown

i , i.e.,

Piðt þ 1Þ � PiðtÞ�P
up
i ð7Þ

PiðtÞ � Piðt � 1Þ�Pdown
i ð8Þ

4) Minimum on-time and off-time constraints

If a thermal generator is committed at time slot t, it

remains committed for at least minimum on-time, and

vice versa.

yiðsÞ� 1fyiðtÞ[ yiðt�1Þg t þ 1� s� t þ Ton
i � 1 ð9Þ

yiðsÞ� 1� 1fyiðtÞ\yiðt�1Þg t þ 1� s� t þ T
off
i � 1 ð10Þ

where 1f�g denotes the indicator function; s is the time

instance between t?1 and t þ Ton
i � 1. Ton

i and T
off
i are the

Aggregated load Renewable generators Local generators

Operate in a free 
running mode

Being dispatched 
periodically

Up-stream 
power grid

Electricity 
send to/extract from

Microgrid system

Fig. 1 Microgrid system
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minimum on-time and off-time of local generator,

respectively.

In general, thermal generators scheduled in real time in a

small-scale microgrid respond timely to satisfy the time-

varying electrical demand. That is, they normally exhibit

negligible Ton (Toff) and relatively large ramp-up/ramp-

down rates.

2.3 Problem formulation of microgrid energy

scheduling

Based on the assumptions and technical models previ-

ously mentioned, we formulate the microgrid cost-mini-

mization scheduling as a receding horizon optimization

problem (RHOP), which is expressed as

where kðtÞ is the spot price of power obtained from the

main grid at time slot t. The optimization window is

bounded within [t1, t*]. We assume that the price of elec-

tricity sent from the microgrid to the main grid is negli-

gible. This assumption allows us to underscore the

effective coordination of dispatchable sources in the

microgrid, to minimize the operation cost, which is the

main focus of our study.

It should be noted that the RHOP is correlated across the

slots, owing to the existence of a start-up cost. PD is an

offline optimal solution to the RHOP, spanning the entire

dispatching period with the full knowledge of future

information, including the system net load and electricity

spot prices.

3 MPC

The classicalMPC can be used for the real-time scheduling

problem of the power system. As illustrated in Fig. 2, the

entire dispatching horizon is divided into several temporal

segments coupled in the chronological order. The basic

principle of MPC is to solve the RHOP for a current segment

offline and retain the dispatching order for the starting time

slot. Such optimization process proceeds dynamically based

on the scale of the look-ahead time window.

Obviously, the MPC method directly targets sub-optimal

scheduling solutions and makes proactive decisions.

However, it may be practically flawed in a small-scale

microgrid for the following reasons:

1) A limited look-ahead window prevents the scheduling

solution. Compared with the PD, the competitiveness of

such solutions relates to the forecasting horizon of

interest.

2) The MPC method strongly relies on the forecasting of

future information. Large forecasting errors cause the

solutions to deviate from the optima and generate

misleading or ineffective dispatch order. In a small-

scale microgrid, a high forecasting accuracy of the

system net load is impossible.

3) Due to the uncertainty associated with the prediction

process, the MPC method cannot provide performance

guarantees.

4) With the increase of the look-ahead time window, the

optimization process will become computationally

inefficient.

4 Retroactive algorithm for real-time scheduling

The formulated RHOP is generally known to be NP-

complete. As discussed in Section 3, proactive decision-

making based on MPC significantly depends on accurate

forecasting, which exposes limitations in tackling unpre-

dictable net loads in small-scale microgrids. Instead, the

retroactive algorithm explored in this paper relies on zero

Dispatching horizon
Dispatching order 1

Dispatching order 2

Dispatching order k

Look-ahead steps

Fig. 2 Basic principle of MPC

min
Pt�

t¼t1

PN

i¼1

cincri PiðtÞ þ csunki yiðtÞ þ cstarti ½yiðtÞ � yiðt � 1Þ�þ
� �

þ kðtÞPgridðtÞ
� �

s:t: 5ð Þ � 10ð Þ

8
<

: ð11Þ
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or little forecasting information, while it is still capable of

tracking the PD.

4.1 Fundamental case with a single local generator

We first consider the fundamental case of the RHOP

with only one local generator. At time slot t, the opportu-

nity benefit of switching on a local generator is defined as:

dðtÞ ¼ C½yðtÞ ¼0;PðtÞ ¼ 0;Pgrid� � C½yðtÞ
¼1;PðtÞ;Pgrid ¼ 0�

ð12Þ

The opportunity benefit cumulates from the beginning

time slot to the current time slot. The cumulative

opportunity benefit is defined as:

DðtÞ ¼ minf0;maxf�cstart;Dðt � 1Þ þ dðtÞgg ð13Þ

The PD solution can be interpreted through the

following types of dispatching segments over the entire

horizon. A rigorous mathematical proof can be found in

[26]. As illustrated in Fig. 3, four types of dispatching

segments are defined as follows. The red point in Fig. 3

indicates a look-ahead window containing / time slots.

1) Type 0: ½1; Tc
1 �

2) Type 1: ½Tc
i þ 1; Tc

iþ1�, if DðTc
i Þ ¼ �cstart and

DðTc
iþ1Þ ¼ 0

3) Type 2: ½Tc
i þ 1; Tc

iþ1�, if DðTc
i Þ ¼ 0 and

DðTc
iþ1Þ ¼ �cstart

4) Type 3: ½Tc
end þ 1; T �

As concluded in [26], the PD solution to the RHOP is

given by:

yPDðtÞ ¼ 0 if t 2 ½Tc
i þ 1; Tc

iþ1�; Type 0, Type 2 or Type 3

1 if t 2 ½Tc
i þ 1; Tc

iþ1�; Type 1

�

ð14Þ

Recall that the CHASE algorithm proposed in [26] is

devised to make online decisions at critical points ~Tc
i .

Different from MPC, this is a ‘‘look back’’ algorithm by

nature. At each time slot, the cumulative opportunity

benefit, i.e., cumulative cost difference, is calculated and

compared by looking into the historical states. Obviously,

there always exist delays (i.e., ½Tc
i ; ~Tc

i �) for those online

decisions, while a quantifiable competitive ratio can be

guaranteed rigorously. Furthermore, in the CHASE

algorithm, it is evident that scheduling decisions can be

made several steps ahead before ~Tc
i . It is provided that the

future information is forecasted in a look-ahead time

window, i.e., ½t; t þ r�. However, it is worth noting that

such decision-making may be misleading or ineffective,

resulting from inherent forecasting errors. To avoid this,

the following novel algorithm conserves the leverage

forecasting information. Algorithm 1 calculates the

competitive ratio of this algorithm.

Theoretically, the competitive ratio of CHASE in con-

sideration of the forecasting error satisfies:

CRhCHASE � 1

þ 4cstart þ ePmin
loadðk

up
min � kdwmaxÞ þ 4ðrþ 1Þcsunk

2cstartð1þ cÞ ð15Þ

e ¼ r2 � r� r2d � rd � 2 ð16Þ

Fig. 3 Schematic ofDðtÞand classification of dispatching segments
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c ¼ Pmax
load c

incr þ csunk

Pmax
loadðkmax � cincrÞ � csunk

ð17Þ

kupmin¼minfkðtÞjkðtÞ� cincrg ð18Þ

kdwmax¼maxfkðtÞjkðtÞ\cincrg ð19Þ

where Pmin
load and Pmax

load are the minimum and maximum

system net loads, respectively.

4.2 General case with multiple heterogeneous

generators

The essential idea of handling multiple heterogeneous

generators is to partition the electrical load into N layers

and allocate each layer to a dedicated generator, where N is

the total number of local thermal generators. In this sense,

the formulated RHOP is decomposed into N sub-problems

and each one is solved individually with Algorithm 1.

Intuitively, generators with a large start-up cost cover the

load at the bottom layers as these normally exhibit least

frequent variations. It should be noted that the ineffective

partition of the load can increase the operation cost. The

combined solution to all sub-problems is optimal on the

condition of the optimal partitioning of load demand.

In particular, given N local dispatchable generators in a

microgrid, the generation capacity is

fPmax
1 ;Pmax

2 ; . . .;Pmax
N g. The load demand is partitioned into

N layers by following an order fb1; b2; . . .; bNg (from the

bottom to the top) based on the power capacity of indi-

vidual generators. Specifically, each layer is defined as

P
ly;n
loadðtÞ ¼ minfPmax

bn
;PloadðtÞ �

Xn�1

j¼1

P
ly;j
loadðtÞg n 2 ½1;N�

ð20Þ

If fa1; a2; . . .; aNg corresponds to an optimal partitioning

order, it should satisfy:

C½ðyai ;PaiÞ;Pgrid� �C½ðybi ;PbiÞ;Pgrid� ð21Þ

Suppose ðyan ;Pan ;P
an
gridÞ is an optimal solution for the nth

sub-problem, and fa1; a2; . . .; aNg indicates the optimal

partitioning order, then ½ðyyan ;P
y
anÞNn¼1;P

y
grid� is an optimal

solution to the entire RHOP, i.e., y
y
anðtÞ ¼ yanðtÞ,

P
y
anðtÞ ¼ PanðtÞ, P

y
gridðtÞ ¼

PN

i¼1

Pan
gridðtÞ.

Obviously, load partitioning is a necessary step for

tackling multiple generators. Optimal partitioning becomes

a premise for obtaining the optimal combined solution of

the RHOP. In particular, load partitioning can be formu-

lated as a permutation optimization problem, which is

expressed in the following section.

Given that fP�
loadðtÞjt 2 ½1; Tday�gis the day-ahead fore-

casting net loading profile, which can well reflect the

general trend (i.e., net load variations), the partitioning

objective and constraints are:

min
PTday

t¼1

PN

n¼1

costðybnðtÞ;PbnðtÞ;P
bn
gridðtÞÞ

s:t: 5ð Þ; 7ð Þ � 10ð Þ; 20ð Þ
PbnðtÞ þ P

bn
gridðtÞ�P

ly;n
loadðtÞ

8
>>><

>>>:
ð22Þ

The variable is the permutation of fb1; b2; . . .; bNg.
This optimal partitioning problem can be efficiently

solved by exhaustive search when N B 6, or by intelligent

optimization methods (e.g., particle swarm optimization)

when N[ 6.

Based on the illustration above, Algorithm 2 lists the

hCHASE algorithm.

5 Numerical simulations

The upper limit on the competitive ratio of the proposed

hCHASE algorithm is provided in (15), which corresponds

to the theoretical worst case. In this section, we aim to

Fig. 4 Solar PV generation for 3 years
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investigate the practical competitive ratio based on exten-

sive numerical simulations. Realistic data of the Belgium

grid [32], including solar PV generation and electrical load

demand during 2014–2016 is used and scaled down to a 1

MW-level microgrid. Figures 4 and 5 present the solar PV

generation and loading profiles and a day is divided into 96

points by every 15 min.

5.1 Parameter settings

In the case studies, the system has a 15-minute-long

scheduling resolution. Table 1 reports the parameters for

both single and multiple generator cases.

In the case studies, we assume that the electricity spot

price can be accurately forecasted, which is shown in

Fig. 6.

5.2 Single-generator case with net load prediction

errors

In this case, we compare hCHASE and MPC with dif-

ferent forecasting accuracies and different look-ahead time

windows. The operation profiles of the PD of hCHASE and

MPC for five days are shown in Fig. 7. Visually, the

scheduling profiles for hCHASE are much closer to the PD

Fig. 5 Electrical loading profiles for 3 years

Table 1 Parameter settings

Case Generator Pmax

(MW)

cstart

($)
cincr ($/

kW)
csunk

Single-

generator

G1 0.85 0.045 0.020 0.0015

Multiple-

generator

G1 0.40 0.059 0.015 0.0011

G2 0.10 0.038 0.230 0.0015

G3 0.20 0.042 0.017 0.0017

G4 0.15 0.048 0.019 0.0020

Fig. 6 Electricity spot price in summer and winter

Fig. 7 Scheduling profiles of PD of hCHASE and MPC for 5 days

1614 Youwei JIA et al.
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than the ones obtained by MPC. Figures 8 and 9 show the

detailed comparison results including cumulative distribu-

tion function (CDF) and box plots.

As shown in Figs. 8 and 9, the competitive ratio improves

monotonously for both hCHASE and MPC along with the

increase of look-ahead time window. This is reasonable,

owing to the high forecasting accuracy. However, such

monotone improvement of the competitive ratio vanishes in

the condition of low forecasting accuracy, as shown in

Fig. 8. This is because inaccurate forecasting information

can mislead scheduling decisions and will result in a large

operation cost. Overall, hCHASE outperforms MPC on the

condition of no or little forecasting information. The box

plots also show that the competitive ratio of MPC is better

than the one of hCHASE, when the look-ahead window is

sufficiently long (i.e., more than 2.5 hours). However, a

satisfactory prediction accuracy for such a long period is

impossible in a small-scale microgrid.

5.3 Multiple-generator case with net load prediction

errors

Similarly, we compare hCHASE and MPC for the

multiple-generator case, for different forecasting accura-

cies and different look-ahead time windows. Figures 10

and 11 show the simulation results. The single-generator

case reaches the same conclusions. Obviously, the com-

petitive ratio CDF of hCHASE completely dominates the

Fig. 9 Simulation results for hCHASE and MPC in single-generator

case where forecasting accuracy is 0.65

Fig. 8 Simulation results for hCHASE and MPC in single-generator

case where forecasting accuracy is 0.9
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one of MPC for both the conditions of high and low

forecasting accuracies. The simulation results show

that, compared with the PD, hCHASE gives rise to less

than 11% cost difference.

6 Conclusion

This paper proposes a retroactive algorithm hCHASE

for microgrid real-time scheduling. The advantages of the

proposed algorithm are its forecasting independence and

high computational efficiency. The proposed approach can

effectively tackle multiple heterogeneous generators in the

presence of certain degrees of forecasting errors with

guarantee of theoretical performance. Extensive case

studies for the proposed algorithm and classical MPC are

carried out, using a 3-year-long realistic system data.

Simulation results show that the cost difference between

hCHASE and PD is less than 11% on average, which

suggests better performance than the conventional MPC

approach with the cost difference at 30% compared to PD.
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Fig. 10 Simulation results for hCHASE and MPC in multiple-

generator case where forecasting accuracy is 0.9

Fig. 11 Simulation results for hCHASE and MPC in multiple-

generator case where forecasting accuracy is 0.65
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