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H I G H L I G H T S

• Novel formulation of unit commitment model for large-scale power system simulation.

• Validated with standard test system and applied to real regional systems in China.

• Increase the computational speed by more than 20,000 times with ∼1% error.

• Can be applied to planning issues, e.g. optimal sizing of wind, solar and hydro.
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A B S T R A C T

Deploying high penetration of variable renewables represents a critical pathway for decarbonizing the power
sector. Hydro power (including pumped-hydro), batteries, and fast responding thermal units are essential in
providing system flexibility at elevated renewable penetration. How to quantify the merit of flexibility from
these sources in accommodating variable renewables, and to evaluate the operational costs considering system
flexibility constraints have been central challenges for future power system planning. This paper presents an
improved linear formulation of the unit commitment model adopting unit grouping techniques to expedite
evaluation of the curtailment of renewables and operational costs for large-scale power systems. All decision
variables in this formulation are continuous, and all chronological constraints are formulated subsequently.
Tested based on actual data from a regional power system in China, the computational speed of the model is
more than 20,000 times faster than the rigorous unit commitment model, with less than 1% difference in results.
Hourly simulation for an entire year takes less than 3 min. The results demonstrate strong potential to apply the
proposed model to long term planning related issues, such as flexibility assessment, wind curtailment analysis,
and operational cost evaluation, which could set a methodological foundation for evaluating the optimal
combination of wind, solar and hydro investments.

1. Introduction

Wind and solar power have been regarded as the most promising
contributors for transitioning to a low-carbon power system. Denmark

already procured over 50% of its electricity from renewable sources [1].
China, leading in installed capacity for both wind and solar globally,
plans to almost double its current installed capacity of variable re-
newables by 2020 (to about 350 GW in total). In the United States, 38
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states have established renewable portfolio standards or targets. Hawaii
and New York, for example, have committed to achieve 100% renew-
able for their electricity generation.

Effective integration of variable power into relatively inflexible
power systems poses a major challenge at elevated levels of renewables
[2]. Approximately 15% of wind power is currently curtailed in China,
while a significant portion is expected to be curtailed in Europe also at
high penetration levels [3]. A shrinking cash flow in the wholesale
power market (referred to as “missing money problem”) and an in-
creasing revenue stream from ancillary service markets are expected at
higher penetration levels for renewables under current power market
design conditions [4,5].

At elevated renewable penetration, sufficient operational flexibility
is critical in order to manage the variability from renewables and to
reduce overall costs [6]. Hydro power (including pumped-hydro), bat-
teries, and fast responding thermal units are important sources of such
flexibility. However, the value of flexibility [7] from hydro and bat-
teries are not reflected in traditional power system planning models: in
the absence of detailed chronological operational simulation, wind
curtailments and their influence on operational costs cannot be quan-
tified in the planning stage [8]. To this point, chronological operational
characteristics [9], such as unit ramping, minimal online/off-line time
requirements, power output limits and start-up costs, have to be in-
corporated when determining operational costs and evaluating the in-
tegration of renewables related to power system planning issues [10].

Incorporating mixed-integer unit commitment (UC) model to ana-
lysis of annual operational costs for long term planning problem is
computationally expensive [11]. Applying full scale UC model on an-
nual basis is not feasible computationally for large scale systems. Sev-
eral studies have focused on reducing the computational complexity of
UC model for analysis related to long term planning issues [12]. Sce-
nario reduction techniques [9,13] with selective time periods [14],
linear approximation of fuel costs [15,16] and simplification of trans-
mission network constrains [17–19] can all contribute to reduce the
computational burden in long-term simulation. From the modeling
perspective, clustering technique was adopted to group either identical
[20–22] or similar generators [23–25] in the UC formulation to reduce
the computational complexity. However, such formulation did not
change the mix-integer nature of the UC problem [26], which is the
central problem for the computational burden [27]. Linear relaxation
for the operational simulation is adopted in several studies. References
[28,29] introduce the hourly energy balance and simplified ramping
constraints in the planning problem, ignoring constraints related to on-
off decisions. Reference [25] introduces more comprehensive opera-
tional constraints, but constraints for minimal on-off times are ignored.
References [23,24] relaxed some of the integer variable for small scale
units, but a fully linearized model was not discussed. To the best of our
knowledge, effectiveness of fully linearized UC model has never been
tested against rigorous UC model on a large-scale actual power system.

This paper presents a novel linear formulation of the unit commit-
ment model to evaluate the curtailment of renewables and the opera-
tional costs for large-scale power systems with a significant improve-
ment in computational efficiency. All decision variables in the proposed
model are continuous. Two major procedures are adopted to accelerate
the calculation: (a) aggregating (grouping) units with similar opera-
tional characteristics in adjacent geographical areas, optimizing thus
the group behavior rather than that of individual units; (b) introducing
additional linear (continuous) variables for the unit groups to approx-
imate the commitment decisions. With this new formulation, all
chronological constraints in the traditional UC formulation are in-
cluded: the minimum on/off time constraints for thermal unit and re-
serve constraints are incorporated; the ramping constraints consider the
unit start-up and shut-down decisions, allowing for more accurate
flexibility assessment. For simplicity, the proposed model will be re-
ferred to as Fast Unit Commitment (FUC) hereafter. FUC reduces the
number of decision variables and transforms a Mixed Integer Linear

Programing (MILP) model into a linear optimization model, sig-
nificantly accelerating the calculating speed, with minimal differences
in the optimization results.

We compare results from the FUC model and the conventional rig-
orous UC formulation with an application to the northeastern power
grid in China, a regional power grid equivalent in peak power demand
to that for the German power grid [30] or to a third of the US Western
Interconnection grid in 2015 [31]. We found that the computing time
for FUC is 27,000 times less than that for the conventional UC. Simu-
lation for an entire year takes as little as 3 min using FUC. Results from
the FUC model differ by only 0.34% from the UC model in terms of total
accommodated wind generation and by 0.69% for the operational costs.
The results support the important potential for the FUC formulation in
evaluating the operational costs and the capacity of accommodating
renewables in long term planning issues [32].

The main contributions of this paper are as follows.

(1) This paper provides a novel formulation of the unit commitment
model to accelerate significantly the simulation of hourly system
operation and integration of renewables considering all system
flexibility constraints. Continuous variables, together with a unit-
grouping technique, are introduced in the model as substitutes for
all integer variables. A full set of flexibility constraints are for-
mulated based on continuous decision variables, including
minimum on/off times for thermal units, ramping limits con-
sidering start-up and shut down status, and reserve constraints for
the system. The proposed formulation reduces significantly the
computational complexity while maintaining the level of accuracy
for simulation results.

(2) The effectiveness of the proposed FUC model is validated in stan-
dard test system and verified with application on an actual regional
power system in China. An increase in computational speed of over
20,000 times with less than a 1% difference in estimates for op-
erational costs was realized using the proposed modeling formula-
tions.

(3) The model expedites significantly the calculation of annual opera-
tional costs and renewable curtailments for large-scale power sys-
tems, offering promising potential for the incorporation as funda-
mental building block in system planning models.

Section 4 validates the accuracy and speed of FUC model against
traditional UC formulation based on a standard IEEE test system. Ap-
plication of FUC model on the actual northeastern power grid in China
is presented in Section 5. Conclusions are presented in Section 6.

2. Decision variables and equivalent constraints for fast unit
commitment formulation

This section introduces the linearized decision variables for the
proposed FUC formulation, in contrast to the binary decision variables
in rigorous unit commitment model and integer variables for cluster-
based unit commitment. The novel formulation of flexibility constraints
(ramping, power output limits and minimum on/off time) and unit
costs are presented for different unit groups represented by linear de-
cision variables.

2.1. Decision variables in a traditional unit commitment model

(1) Binary Variables for Operational Status of a Single Unit

Three binary variables are used typically to describe the operational
status of each unit at each time in the unit commitment problem: x t( )i
denotes the on/off status of unit i, indicating whether the unit is online
(equal to 1) or offline (equal to 0) at time t; u t( )i and d t( )i are binary
variables defining the unit’s startup and shutdown behavior, respec-
tively; =u t( ) 1i indicates that unit i starts at time t; =d t( ) 1i specifies
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that the unit is scheduled to shutdown at time t. The above binary
variables for a given unit satisfy the equation:

= +x t x t u t d t( ) ( 1) ( ) ( )i i i i (1)

The variable p t( )i represents the power output of unit i at time t,
constrained by its operational range:

t p x t p t t p x t( )· · ( ) ( ) ¯ ( )· · ( )i i i i i i i
max max (2)

where pi
max is the nameplate capacity of unit i; t( )i and t¯ ( )i indicate,

respectively, the ratios of minimum and maximum power outputs with
respect to its nameplate capacity for unit i. These ratios may vary with
time. For example, the ratios of combined heat and power (CHP) units
during heating periods are different from these for non-heating periods,
constrained by the heat demand.

(2) Variables for Operational Status of a Unit Group

For a group of units with negligible internal transmission con-
straints, it is the aggregated behavior of the units in this group that
matters. Three variables identifying the operational status of a given
unit group are introduced to model the aggregate behavior of units
within this group:

= =
=

S t x t p x t i J( ) ( ( )· ), ( ) {0, 1}, 1, ...,j
O

i

J

i i i
1

max

(3)

= =
=

S t u t p u t i J( ) ( ( )· ), ( ) {0, 1}, 1, ...,j
U

i

J

i i i
1

max

(4)

= =
=

S t d t p d t i J( ) ( ( )· ), ( ) {0, 1}, 1, ...,j
D

i

J

i i i
1

max

(5)

where J indicates the number of units within the group. These three
variables are indirectly controlled variables, holding integer char-
acteristics and taking discrete values.

The online capacity of unit group j at time t, S t( )j
O

, is defined as the
sum of the nameplate capacities of the generation units within group j
that are operating at time t. The startup capacity of unit group j at time
t, S t( )j

U
, is defined as the sum of the nameplate capacities of units

within group j starting up at time t; while the shutdown capacity of unit
group j at time t, S t( )j

D
, is defined as the sum of the nameplate capa-

cities of units within group j that are operating at time (t− 1) but are
required to transition to offline at time t.

As indicated by (3), the possible value of S t( )j
O

in a rigorous UC
formulation would be determined by different combinations of x t( )i . In
a group containing 10 generators, the possible values for S t( )j

O
could be

as many as 1024 if the installed capacities of generators were all dif-
ferent. The traditional integer unit grouping approach reduces the
possible values for S t( )j

O
by assuming that all units within a group share

the same pi
max value. As will be indicated later, the FUC model adopts a

different approach, relaxing the feasible integer values S t( )j
O

to include
all possible continuous values.

2.2. Approximating the operational status for a group of units with
continuous variables

For the model proposed here, we use three continuous variables to
approximate the above-mentioned discrete variables. The continuous
variable S t( )j

O represents the total nameplate capacity for units that are
operating at time t in jth group for generation and reserve requirements.
The continuous variable S t( )j

U indicates the total capacity of units
scheduled to be online at time t in the jth group, representing the ag-
gregated behavior of the units’ startup. The continuous variable S t( )j

D

defines the total capacity of units scheduled to shut down at time t in
the jth unit group. The three continuous variables satisfy:

S t S t S t S0 ( ), ( ), ( )j
O

j
U

j
D

j (6)

where the maximum limit on the three discrete variables reflects the
total capacity of unit group j defined as the sum of the nameplate ca-
pacities for all units in the group:

=
=

S pj
i

J

i
1

max

(7)

Derived from Eq. (1), the three continuous variables specifying the
operational status for the same unit group satisfy the equation:

=S t S t S t S t( ) ( ) ( 1) ( )j
O

j
U

j
O

j
D (8)

As shown in Fig. 1, the change of online capacity from time (t− 1)
to time t is determined by the total capacity of units shut down at time t
offset by the total capacity of units started at time t.

In this case, a total of × J3 binary variables, defining the on/off,
startup and shutdown status of each unit in group j, are substituted with
3 continuous variables identifying the online, startup and shutdown
capacities. This approach not only transforms a MILP problem into a
computationally efficient linear programming problem, but it reduces
also significantly the number of decision variables.

The optimal value for total online capacity S t( )j
O would deviate from

the value S t( )j
O

obtained from rigorous UC solution, but the maximum
difference can be no greater than the capacity of the largest unit within
the group. As an example, for a unit group containing 5 units with in-
stalled capacities of 250, 300, 330, 350 and 350 MW, the possible va-
lues for S t( )j

O
are illustrated in Fig. 2. If the unit grouping technique is

employed with a representative unit of 316 MW (average capacity), the
possible value for online capacity is indicated in red in the same figure,
and the modeling error could be at most 5.2% of the total capacity. The
continuous variable, representing online capacity, can take any value
between 0 and 1580 MW. Given a circumstance in which the optimal
value for S t( )j

O is 750 MW, the actual value of S t( )j
O

should be 880 MW,
resulting in a 130 MW difference in the optimal online capacity, 8.2% of
the total capacity Sj. The relative difference would decrease with an
increase in the number of units in a group.

2.3. Operational constraints and costs with proposed continuous variables
in FUC model

Employing the above-defined continuous variables, a set of con-
straints is formulated to redefine the constraints associated with power
output, ramping limits, and minimal online/offline times for each unit
group.

(1) Power Output limits

The maximum and minimum limits of power output for the unit
group j at time t, P t( )j , take into account of the on/off status of gen-
erators within this unit group, formulated as follows:

t S t P t t S tA ( )· ( ) ( ) Ā ( )· ( )j j
O

j j j
O (9)

where parameters tĀ ( )j and tA ( )j denote the ratios of maximum and
minimum power output with respect to the online capacity for unit

Fig. 1. The temporal relationship of the operational status of a group of units.
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group j at time t. tĀ ( )j and tA ( )j are specified in terms of the average of
power output limits for the individual units, weighted by their name-
plate capacity:

=
=

t t p SĀ ( ) ( ¯ ( )· )/j
i

J

i i j
1

max

(10)

=
=

t t p SA ( ) ( ( )· )/j
i

J

i i j
1

max

(11)

When units in the jth group have the same characteristics with re-
spect to maximum and minimum power output limits, tĀ ( )j and tA ( )j
are equal to the parameters for any unit within the group, t¯ ( )i and

t( )i respectively. For instance, the minimal output ratio for coal-fired
units in Nordic countries is often set as 40%, 50% in China. For a group
of units with similar operational characteristics, the difference between

tA ( )j and t( )i is relatively small.

(2) Ramping limits

Ramping constraints formulated in this paper considers not only the
units operational but the start-up and shut-down units. Based on the
continuous decision variables, ramping constraints are re-formulated as
follows:

+ +
P t P t t S t t S t

R S t S t S t
( ) ( 1) A ( )· ( ) A ( )· ( )

( ( ) ( ) ( 1))
j j j j

U
j j

D

j
U

j
O

j
U

j
D

(12)

P t P t t S t t S t
R S t S t S t

( ) ( 1) A ( )· ( ) A ( )· ( )
( ( ) ( ) ( 1))

j j j j
U

j j
D

j
D

j
O

j
U

j
U

(13)

where R R,j
U

j
D denote the ratios of upward and downward ramping to

the operating capacity for unit group j, respectively. The two para-
meters (R R,j

U
j
D) are calculated also as capacity-weighted averages si-

milar to the procedure specified in (10) and (11). In (12) and (13),
t S tA ( )· ( )j j

U corresponds to the capacity of unit group j committed on-
line at time t. The corresponding power output ramps upward from 0 at
time (t− 1) to t S tA ( )· ( )j j

U at time t. The item t S tA ( )· ( )j j
D corresponds to

the capacity of the jth group of units shut down at time t. The power
output for this component declines from t S tA ( )· ( )j j

D to zero. The term
+S t S t S t( ) ( ) ( 1)j

O
j
U

j
D in (12) corresponds to the capacity operating

from time (t− 1) to time (t+ 1), providing potential upward ramping
power. Similarly, S t S t S t( ) ( ) ( 1)j

O
j
U

j
U in (13) corresponds to the

capacity operating continuously from time (t− 2) to time t, providing
ability for potential downward ramping.

To complement the constraint specified by (12), a further constraint
for the maximum limit of power output from unit group j at time t is
formulated as follows:

+
+ + +

P t t S t S t S t
t S t t S t

( ) Ā ( )·( ( ) ( ) ( 1))
A ( )· ( ) A ( )· ( 1)

j j j
O

j
U

j
D

j j
U

j j
D

(14)

As variables defining startup capacity and shutdown capacity are all
non-negative, the right side of (14) would be restricted to t S tĀ ( )· ( )j j

O ,
the maximum limit for power output in (9).

(3) Minimum Online and Offline Time Constraints

Applying the continuous variables described in the previous section,
the constraints for the requirement of a minimum online time of Tj

U for
units in operation in group j are re-formulated by (15)–(17).

S S0 (1) (0)j
D

j
O (15)

+
=

S t S t S t t T0 ( 1) ( ) ( ), 1 1j
D

j
O

t

j
U

j
U

0

1

(16)

+
=

S t S t S t T t T0 ( 1) ( ) ( ), 1j
D

j
O

T

j
U

j
U

0

2j
U

(17)

where S (0)j
O is the online capacity of unit group j at the initial time

period, and T is the total number of time intervals. Eq. (15) limits the
maximum value of shutdown capacity at the first time interval, while
constraints (16) and (17) are applied for other time periods. They in-
dicate that the capacity is required to operate for at least Tj

U after it is
committed online.

Similarly, the constraints ensuring a minimum offline time of Tj
D for

the idle capacity of unit group j are reformulated as:

S S S0 (1) (0)j
U

j j
O (18)

+
=

S t S S t S t t T0 ( 1) ( ) ( ), 1 1j
U

j j
O

t

j
D

j
D

0

1

(19)

+
=

S t S S t S t T t T0 ( 1) ( ) ( ), 1j
U

j j
O

T

j
D

j
D

0

2j
D

(20)

The constraint expressed by (18) applies for the first time interval,
complementing (15). The maximum value of startup capacity for other
time intervals is limited by (19) and (20). The two constraints indicate
that the capacity is required to be offline for at least Tj

D intervals after it
is shut down. In this model, units in the same group j are assumed to
have the same limit in terms of their minimum online and offline time
(Tj

U and Tj
D).

(4) Fuel Cost Functions

In the proposed model, a linear production cost function is adopted,
employing the continuous variable specifying the online status of each
group of units, as

= +F t C t S t C P t t S t( ) ·A ( )· ( ) ·( ( ) A ( )· ( ))j
P

j
F

j i
O

j
I

j j j
O (21)

where Cj
F corresponds to the minimum fuel cost of unit group j per unit

capacity committed online, and Cj
I is the slope of the linear fuel cost

function. The startup and shutdown fuel cost functions are represented
by:

=F t C S t( ) ( )j
U

j
U

j
U (22)

=F t C S t( ) ( )j
D

j
D

j
D (23)

where parameters Cj
U and Cj

D define fuel costs per unit startup and
shutdown capacities respectively. The four fuel cost coefficients for unit
group j are calculated as capacity-weighted averages of the corre-
sponding fuel cost coefficients for each unit in the group. The calculated
coefficients of a given unit group can approximate the unit’s fuel cost

Fig. 2. Illustration of possible values of online ca-
pacity for a unit group by rigorous and cluster
based UC models (MW).
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coefficients when units in the same group have the same generation
type and similar sizes. Employing the capacity-weighted coefficients to
describe the fuel cost characteristics for the unit group should not in-
troduce any significant deviation from the accurate parameters of a
single unit. For coal-fired units with similar sizes, the difference among
their fuel costs is relatively minor. For example, the fuel consumption
ranged between 288.3 and 316.6 gce/kWh for different 600 MW coal-
fired power plants running in China in 2010 [33]. Thus the capacity-
weighted average fuel costs for a unit group should not deviate sig-
nificantly from the accurate parameters for a particular unit in the
group.

3. Modeling formulation of fast unit commitment

The fast unit commitment model is presented in this section,
adopting continuous variables to describe the operational status and
constraints for each group of similar units. The objective function and
major system constraints of the FUC model are formulated employing
continuous variables defined in the previous section.

(1) Objective Function

The objective of the proposed model is to minimize the total op-
erational costs for the system as well as curtailments of renewable
generation:

+ + +
= = = = =

F t F t F t C tmin ( ( ) ( ) ( )) ( · ( ))
t

T

k

K

j

J

j
P

j
U

j
D

t

T

k

K

k
R

1 1 1 1 1

k

(24)

where K is the number of grid regions covered by the power system,
and Jk is the number of unit groups in grid region k. The total operation
cost is given by the sum of production (F t( )j

P ), startup (F t( )j
U ) and

shutdown (F t( )j
D ) costs for each group of units in the simulation hor-

izon. The curtailed renewable generation in grid k at time t, C t( )k
R , is

calculated as

=C t P t P t t k( ) ¯ ( ) ( ), ,k
R

k
R

k
R (25)

where P t¯ ( )k
R is the available generation from renewable energy in grid k

at time t, and P t( )k
R is the grid-integrated renewable power generation.

Total curtailments are punished with a penalty coefficient in the
objective function in order to prioritize renewable integration.

(2) System Operation Constraints

The Power Balance Constraint ensures that total generation within
each grid is equal to the power demand at any time interval:

+ = +
=

P t P t L t P t t k( ) ( ) ( ) ( ), ,
j

J

j k
R

k
m

km
T

1

k

k (26)

where L t( )k is the power demand of grid k at time t and P t( )km
T re-

presents the power exchange between grids k and m at time t con-
strained by the total transmission capacity P̄km

T :

P P t P m¯ ( ) ¯ ,km
T

km
T

km
T

k (27)

The direction of power exchange P t( )km
T is defined as positive when

grid k delivers power to grid m; k identifies the set of adjacent grids
connecting using inter-regional transmission lines to grid k.

Reserve Requirement Constraint. Operating reserve is required
against forecast error or unexpected contingency. The total online ca-
pacity for all thermal unit groups in each grid is required to satisfy:

+ + +
=

S t P t L t P t R t t k( ) ¯ ( ) ( ) ( ) ( ), ,
i

N

i
O

k
R

k
j

kj
T

k
1

k

k (28)

where the reserve requirement in grid k at time t, R t( )k , is determined
by

= +R t L t P t( ) ( ) ¯ ( )k k
L

k k
R

k
R (29)

where k
L and k

R are the reserve coefficients of load power and renew-
able generation in grid k at time t, respectively and k

R indicates the
uncertainty introduced by the forecasting error for renewable genera-
tion.

Renewable Generation Constraint. The grid-integrated generation
of renewable energy is limited by the maximum available power pro-
duction at time t in grid k:

P t P t t k0 ( ) ¯ ( ), ,k
R

k
R (30)

where <P t P t( ) ¯ ( )k
R

k
R implies curtailment of renewables.

Must-run unit Constraint. Must-run unit constraints are added for
certain groups of units at certain time periods. For example, the group
of CHP units operates throughout the entire heating season. In this case,
S t( )j

O satisfies:

=S t S t T( ) ,j
O

j j
M (31)

where Tj
M indicates the range of the must-run time periods for group j.

In summary, the proposed FUC model consists of the objective
function represented in (24), supplemented by (21)–(23) and (25), with
constraints from (26) to (31) specifying system operations and con-
straints from (6)–(20) specifying operations for each group of units.

4. Validation of proposed FUC model on standard test systems

To validate the effectiveness of the proposed FUC model, simula-
tions by both the rigorous unit commitment model and proposed fast
unit commitment model are conducted and compared based on stan-
dard test system. Details of system description and relevant assumption
are elaborated in Supplementary Information. The IEEE 118-bus test
system is publicly available and broadly applied in power system re-
searches. The modified IEEE 118-bus system, employed here, contains
54 coal-fired generators (8.16 GW installed capacity in total), including
17 of 30-MW units, 3 of 50-MW units, 16 of 100-MW units, 3 of 200-
MW units, 2 of 250-MW units, 10 of 300-MW units, and 3 of 600-MW
units. These generation units can be aggregated into 4 generation
groups according to their nameplate capacities, as presented in Table 1.

The size of the modified IEEE 118-bus system is scaled up by a factor
of 1, 7, 10, and 15 respectively, in order to test the effectiveness of the
proposed model on different system scale. The resulting total capacities
for thermal units are 8 GW, 57 GW, 81 GW and 122 GW respectively. As

Table 1
Number of units in generation groups in IEEE 118-bus test systems with varied sizes.

Number of units in given unit groups System description distinguished by scale (total installed capacity)

x1 (8.16GW) x7 (57.1GW) x10 (81.6GW) x15 (122.4GW)

Group T ( =p 30, 50 MWi
max ) 20 140 200 300

Group S ( =p 100 MWi
max ) 16 112 160 240

Group M ( =p 200, 250, 300 MWi
max ) 15 105 150 225

Group L ( =p 600 MWi
max ) 3 21 30 45

In total 54 378 540 810

X. Han et al. Applied Energy 237 (2019) 145–154

149

TOP
Highlight

TOP
Highlight

TOP
Highlight

TOP
Highlight

TOP
Highlight

TOP
Highlight

TOP
Highlight



indicated in Table 1, the x1 system represents the original IEEE 118-bus
system. The size of the x7 system is 7 times to that of the x1 system. The
levels of hourly power demand, wind and solar output are scaled up
proportionally. Scaling up test systems results in the increase of number
of generating units within a unit group. A simulation over one-week is
conducted. Results for the original test system (i.e. the x1 system) are
presented in the Supplementary Information. Comparisons are given
below employing different system sizes.

4.1. Comparison of computational accuracy by FUC and UC models

We firstly compare the results between FUC model and UC model on
the standard IEEE 118-bus system (i.e. x1 system in Table 1), with
detailed results summarized in Fig. s1 in Supplementary Information. A
minimal difference could be observed in the aggregated coal-fired, wind
and solar power generation over an one-week simulation horizon. The
absolute error of total coal-fired, wind and solar generation over the 7-
day period between the FUC and UC models amounts to only 0.177%,
0.143% and 0.034% of total power demand, respectively.

The absolute error between FUC and UC model decreases drastically
with the increase of system size, as illustrated in Fig. 3. When the
system size is over 50 GW, the error between results from FUC and UC is
about 2%, negligible from the perspective of power balance.

The term of Integral Time-weighted Absolute Error (ITAE) is em-
ployed as a measure to compare the hourly power output from each
coal-fired generation group. For a certain coal-fired generation group,
the average IATE is to show the average integral absolute error for
hourly power output from each generation group (see Eqs. (s1)-(s2)).
The average IATE of the hourly power output from four representative
generation groups considered in the modified test systems are presented
in Fig. 4. The average ITAE decreases with the increase of size of test
systems, justifying the argument that the relative difference would
decrease with an increase in the number of units in a group in Section
2.2.

4.2. Comparison of computational efficiency by FUC and UC models

The time consumption differs greatly between FUC and UC models
for the test systems, as presented in Fig. 5. Computational time for a 7-
day period with traditional UC model rises from 98 s to over 5000 s
with the increase of system size, while the computational time for FUC
model remain relatively constant around 0.2 s. Hence, the FUC is more
effective in reducing the computational speed for large scale system (by
a factor of 25,000 times for 122GW system).

In sum, the effectiveness of the proposed FUC model is verified with
application to the IEEE 118-bus system exploring different system sizes.

Comparison results above-mentioned show that the proposed FUC
model can realize almost identical simulation for power systems in
terms of power balance with a significant improvement in computa-
tional efficiency, especially when the proposed FUC model is applied to
large scale power systems.

5. Applications and performance in actual systems

We further apply the fast unit commitment model to an actual re-
gional power system in China to test its effectiveness. The detailed
description of the regional power systems, the implementing procedure
of FUC model, and comparison of results between FUC and conven-
tional UC model for the actual regional system in China are presented in
this section.

5.1. System description

The Northeast China regional grid (NEG) includes four provincial
power grids: Liaoning (LN), Jilin (JL), Heilongjiang (HLJ) and East
Inner Mongolia (EIM). The peak power demand for this region is pro-
jected to reach 84.5 GW in 2020. The total generation capacity in 2020
is projected at 164.83 GW, with 100.64 GW from coal-fired power
plants (297 units), 6.5 GW from hydropower (64 units), 6.25 GW from
nuclear power and 51.44 GW from wind power, as detailed in Table 2.
The four provincial power grids are interconnected through 500 kV AC
lines, complemented with two ± 500 kV DC lines. NEG exports power
to the North China grid (a nearby regional grid) through DC trans-
mission links.

We assume that load patterns for these four grids in 2020 follow the
historical patterns that applied in 2012. Hourly wind power output was
derived from the power curve representing the relationship between
wind speed and wind power output. Relevant parameters including cut-
in, rated and cut-out wind speeds were based on standard Goldwind
1.5 MW turbines [34], which are commonly adopted in China. The
hourly wind speed data over one year were derived using historical
wind speed data recorded in NASA high resolution meteorology data-
base [35]. For reserve constraints, uncertainty in load forecast is taken
as 5% with an uncertainty of 50% assumed for wind output. The hourly
generation from hydropower and nuclear plants, and the exchange of
power through cross-regional and inter-provincial transmission corri-
dors are pre-fixed, reflecting the current status in China.

5.2. Steps of implementation FUC model in real power systems simulation

The process of implementation of the proposed FUC model to si-
mulate the operation of NEG can be divided into the following three
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steps:

Step 1: Formulating generation clusters

The total 297 coal-fired generators in the NEG system are dis-
tinguished and then aggregated as 24 coal-fired generation groups,
according to their geographical location (grid region), operational
characteristics and size, as illustrated in Table 3. The coal-fired units are
differentiated between conventional thermal units and combined heat
and power units. We use two thresholds, 300 MW and 600 MW, to ca-
tegorize unit sizes into Small (S), Medium (M), and Large (L).

Step 2: Determining parameters representing operational char-
acteristics of generation groups

For all coal-fired units, the minimum and maximum power output
ratios are taken as 0.5 and 1.0 respectively reflecting current protocol.
Operation of CHP units is given priority during the heating months
(typically from mid-October to mid-April in NEG), when these units are
mandated to supply heat required to maintain a legislated minimum
indoor temperature. In heating periods, the minimum and maximum
power output ratios of CHP units are set at 0.6 and 0.9 respectively,
indicating limited operational flexibility. The upward and downward
ramping rates for all coal-fired units are taken as 1% of the nameplate
capacity per minute. The capacity-weighted coefficients of each unit are
aggregated for each generation group.

Step 3: Adopting solving strategies to conduct the accelerated si-
mulation

The proposed FUC model is formulated as a linear programming
model with all continuous variables. The programming process can be

0.00

0.02

0.04

0.06

0.08

0.10

8GW 57GW 81GW 122GW

av
er

ag
e 

IT
A

E

Total Installed Capacity of Test Systems

Group T Group S Group M Group L Total

Fig. 4. ITAE of hourly power output for generation groups in different test systems.

0

1000

2000

3000

4000

5000

6000

0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

0.2

8GW 57GW 81GW 122GW

T
im

e 
C

on
su

m
pt

io
n 

by
 U

C
/s

ec
on

ds

T
im

e 
C

on
su

m
pt

io
n 

by
 F

U
C

/s
ec

on
ds

Total Installed Capacity of Test Systems

UC FUC

Fig. 5. Computational time for different system scales consumed by the proposed FUC and the rigorous UC models.

Table 2
General information for NEG system (GW).

System information LN JL HLJ EIM

Peak demand 40.3 15.2 18.1 10.9
Thermal capacity 18.4 7.1 7.7 25.3
Wind capacity 10.27 10 11 20.17
CHP capacity 13.0 12.2 12.5 4.4
Hydro capacity 11.9 4.4 0.7 0.25

Table 3
Number of units in coal-fired generation groups in NEG system.

Group description LN JL HLJ EIM

THERMAL_S ( <p 300 MWi
max ) 8 4 8 6

THERMAL_M ( <p300 MW 600 MWi
max ) 13 10 7 6

THERMAL_L (p 600 MWi
max ) 8 6 7 34

CHP_S ( <p 300 MWi
max ) 18 22 21 14

CHP_M ( <p300 MW 600 MWi
max ) 42 23 24 3

CHP_L (p 600 MWi
max ) 7 2 2 2
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formulated in Matlab using the YAMLIP toolbox [36] and solved by the
Gurobi Optimizer [37] on a MacBook Pro with 2.5 GHz Intel Core i7
CPU and 16 GW RAM.

In order to facilitate the comparison between the FUC and UC
models, we also applied a rigorous UC model to the same NEG grid
system for the same time period. The UC formulation is adopted from
[38] and formulated as a MILP problem in Matlab. A 2% gap tolerance
is used when solving MILP problems.

5.3. Comparison of results from FUC and conventional UC models

Results for one week (starting on February 1st) from both the FUC
and UC models are compared in this section. The weekly power balance
for the LN province is illustrated in Fig. 6. The FUC and UC models
provide almost identical results for wind curtailments and power out-
puts from CHP units. Small differences for the same group of coal-fired
generators can be observed, but these differences are negligible from
the perspective of power balance. The difference between the FUC
model and the rigorous UC model for the total energy production from
coal-fired units and CHP units over this 7-day period amounts to only
0.05% and 0.12% of total power demand respectively. The consistency
on results between FUC model and the UC model holds also for the
standard IEEE test system, as indicated in the Supplementary
Information.

The online capacity for each group of units at each time interval for
the same province is indicated in Fig. 7. The total online capacity for
each coal-fired generator group is illustrated in Fig. 4(a)–(c), while the
aggregated online capacity for the three groups is displayed in Fig. 4(d).
The relative difference between results from the FUC and UC models is
summarized on the left. The comparison indicates that the commitment
of thermal units from the FUC model closely matches that from the UC
model, while the online status of small units tends to change more
frequently than that for larger size units. The difference is generally less
than 10% and differences for the aggregated online capacity of unit
groups are minimal. The comparison confirms the effectiveness of the
linear approximations to the binary variables introduced in Section 2.
Similar results are observed for other provinces.

Operation costs and grid-integrated wind generation from the re-
sults of both models are compared in Table 4. A large fraction of the
wind power in the Northeast China region would be curtailed in 2020,

with one week results for the four provincial regions illustrated in
Fig. 8. The amount of power generated from wind and integrated into
the system as simulated by the two models differs by at most 1% for the
four provincial grids, as shown in Table 4. These results indicate that
the FUC model is effective in assessing renewable integration at an
elevated penetration level.

The total operation costs in LN, JL, HLJ and for the entire NEG
system in the FUC model differ by less than 1% compared with results
from the UC model. The operational costs for thermal and CHP units
deviate respectively by 3.6% and −0.19%. The deviation of operational
cost for thermal unit is mainly attributed to the discrepancy of startup
and shutdown costs (about 10%), which is largely related to the linear
approximation for online capacity employed in the FUC model as de-
scribed in Section 2.

5.4. Computational efficiency

Results for renewable integration and operational costs obtained
using the FUC formulation differ from the UC model by less than 1%.
The simulation using the FUC model is achieved with significant
economy in computational expense. For the 168-hour-case (7 days) il-
lustrated above, the simulation employing the FUC model takes 0.45 s,
while the UC model requires more than 3 h, as illustrated in Table 5.
The calculation speed for the FUC model is 27,000 times faster than
that for the UC model. Similar improvements in computational speed
for IEEE standard test system between FUC and UC model can be found,
as indicated in Supplementary Information.

When the time horizon for the simulation is longer than one week,
the increase in computational complexity makes it unrealistic to employ
the rigorous UC model directly. A commonly used approach is to si-
mulate an entire year on a day-by-day basis. As indicated in Table 5, a
day-by-day simulation adopting the rigorous UC model takes two and
half hours. Using the FUC model, a one-year simulation can be im-
plemented in less than 3 min on a personal computer.

5.5. Potential future applications of FUC model

The FUC model, given its high computational efficiency, can be
further applied to several large-scale long-term applications by enabling
accurate assessments of system operational cost and renewable in-
tegration.

Power System Planning under High Penetration of Renewables.
At elevated renewable penetration, the system operational costs are
largely affected by how much wind/solar power can be integrated/
curtailed. The traditional power system planning model cannot reflect
the condition on renewable integration. Hence, the flexibility provided
by hydro power and storage technologies are not valued in either the
investment cost or the operational costs within the traditional planning
model. The FUC model, in this case, can be added to the traditional
planning model to estimate the operational costs based on hourly si-
mulation of full year operation.

Assessment of Renewable Policies. Many of the renewable policy
are implemented on an annual basis. such as renewable portfolio
standards (RPS). How much renewables could be integrated into the
system is vital for the compliance of RPS targets. Employing the FUC
model, the compliance of certain RPS target under difference combi-
nations of wind/solar/hydro capacities can be evaluated. In addition,
the FUC proposed here can also generate system clearing price.

6. Conclusion

A novel formulation of a unit commitment model, employing only
continuous variables, was presented as an approach allowing compu-
tationally efficient assessment of renewables and operational costs for
large-scale power systems. In the modeling process, unit-grouping
techniques are effective in reducing the number of decision variables;
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substituting continuous variables for integer variables leads to a sig-
nificant decrease in computational complexity. All chronological con-
straints can be formulated equivalently employing these continuous
variables. Tested on a real regional power system in China, the pro-
posed fast unit commitment model developed here is shown to be more
than 20,000 times faster than the rigorous unit commitment model,
with less than 1% difference in results. The hourly simulation of the
regional grid for a whole year takes less than 3 min.

The proposed model is suitable in particular for a quick and

accurate assessment of operational flexibility, fuel use and renewable
integration in the long term planning process when local transmission
constraints are unimportant. While a large number of units could be
grouped together, the accuracy of the modeling results is improved and
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Table 4
Fuel costs (Million RMB) and integrated wind power (GWh) for the NEG system
by FUC and traditional UC models.

Grid regions LN JL HLJ EIM NEG

Operational cost for thermal units
FUC model 119.40 25.40 47.53 131.83 324.17
UC model 118.07 25.17 47.81 121.84 312.90
Relative Difference 1.13% 0.91% −0.59% 8.20% 3.60%

Operational cost for CHP units
FUC model 429.29 249.94 257.35 90.26 1026.84
UC model 429.86 251.12 257.61 90.26 1028.84
Relative Difference −0.13% −0.47% −0.10% 0.00% −0.19%

Total operational cost
FUC model 548.69 275.34 304.88 222.09 1351.01
UC model 547.93 276.30 305.42 212.10 1341.74
Relative Difference 0.14% −0.34% −0.18% 4.71% 0.69%

Integrated wind power
FUC model 809.86 483.37 529.52 1986.87 3809.61
UC model 807.10 481.49 526.49 1958.04 3773.12
Relative Difference 0.07% 0.10% 0.14% 0.96% 0.34%

Fig. 8. Comparison of hourly wind power in NEG in the winter week.
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the computational time is reduced. The formulation employing unit
grouping, however, could apply also to the operational time scale
whenever unit grouping is feasible. The detailed application and in-
tegrated modeling to incorporate the fast unit commitment (FUC)
model in the long-term planning problem will be extended in future
work.
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