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Quantifying Spinning Reserve in Systems With
Significant Wind Power Penetration
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Abstract—The traditional unit commitment and economic
dispatch approaches with deterministic spinning reserve require-
ments are inadequate given the intermittency and unpredictability
of wind power generation. Alternative power system scheduling
methods capable of aggregating the uncertainty of wind power,
while maintaining reliable and economic performance, need to
be investigated. In this paper, a probabilistic model of secu-
rity-constrained unit commitment is proposed to minimize the
cost of energy, spinning reserve and possible loss of load. A new
formulation of expected energy not served considering the prob-
ability distribution of forecast errors of wind and load, as well as
outage replacement rates of various generators is presented. The
proposed method is solved by mixed integer linear programming.
Numerical simulations on the IEEE Reliability Test System show
the effectiveness of the method. The relationships of uncertainties
and required spinning reserves are verified.

Index Terms—Expected energy not served (EENS), mixed
integer linear programming (MILP), reliability, security-con-
strained unit commitment (SCUC), spinning reserve, wind power.

NOMENCLATURE
A. Indices

Index of generators.
Index of wind farms.
Index of time periods.
Index of buses.
Index of transmission lines.
Index of probability intervals.
Index of scenarios of generators.

B. Variables
1) Binary Variables:

1 if unit is scheduled on during period and 0
otherwise.
1 if uncertainty within interval plus outage of
units in scenario during period causes loss of
load and 0 otherwise.

Manuscript received February 27, 2012; revised March 14, 2012 and May
30, 2012; accepted June 26, 2012. Date of publication August 15, 2012; date of
current version October 17, 2012. This work was supported in part by GCEP at
Stanford University and in part by the Engineering Research Center Program
of the National Science Foundation and the Department of Energy under NSF
Award Number EEC-1041877 and the CURENT Industry Partnership Program.
Paper no. TPWRS-00195-2012.
The authors are with the Min H. Kao Department of Electrical Engineering

and Computer Science, The University of Tennessee, Knoxville, TN 37996
USA (e-mail: gliu5@utk.edu).
Color versions of one or more of the figures in this paper are available online

at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TPWRS.2012.2207465

2) Continuous Variables:

Power output of wind turbine in wind farm
during period .
Wind power forecast error of turbine in wind
farm during period .
Total wind power output during period .
Total wind power forecast error during period .
Standard deviation of .
Standard deviation of .
Forecast net demand at bus during period .
Standard deviation of load forecast error during
period .
Forecast total net demand during period .
Total net demand forecast error during period .

Standard deviation of .
Probability of scenario during period .
Redundant or deficient power of generators in
scenario during period .
Total system forecast error in scenario during
period .
Power output of wind turbine during period .
Power output of generator during period .
Spinning reserve of generator during period .
Expected energy not served in scenario during
period .

C. Constants

Number of wind farms.
Number of time periods in the scheduling horizon.
Number of generators.
Number of buses.
Number of generator fault scenarios.
Number of probability intervals.
System lead time.
Number of wind turbines in wind farm .
Correlation coefficient between two wind power
forecast error in the same wind farm .
Correlation coefficient between two wind power
forecast error in wind farm and farm .
Cost of spinning reserve of generator during
period .
Maximum output power of generator .
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Maximum ramp-up rate of generator .
Spinning reserve responding time frame.
Value of lost load during period .
Outage replacement rate of generator .
Generation shift factor to line from generator .
Generation shift factor to line from net demand
at bus .
Transmission limit of line .

D. Sets

Set of available generators in scenario during
period .
Set of unavailable generators in scenario during
period .
Set of transmission lines.
Set of all wind turbines.

I. INTRODUCTION

D UE to increasing prices of fossil fuels, environmental im-
pact and energy security concerns coupled with improve-

ments in wind turbines, there has been a great increase in the
penetration level of wind power around the world. Wind en-
ergy is expected to contribute 20% of the total energy in the
U.S. by the year 2030 [1]. The capacity percentage will be even
greater since the capacity factor of wind power is typically be-
tween 0.25–0.4. While the benefit of wind power integration is
well understood in society as it has very low operating cost, re-
duces the emission of pollutants, and relieves dependence on
foreign petroleum and gas [2], [3], the increasing penetration
of wind power is challenging for power system operations, in-
cluding frequency control and transient stability [4], [5]. In par-
ticular, the traditional unit commitment (UC) with determin-
istic spinning reserve requirements is inadequate due to the vari-
ability and limited predictability of wind power. As wind power
cannot be predicted with great accuracy, additional spinning
reserve needs to be carried to guarantee the operational relia-
bility [6], [7]. Therefore, developing new UC methods capable
of taking account of probabilistic characteristics of wind power,
load and generators to quantify spinning reserve is of funda-
mental importance.
A common and straightforward solution for variability and

limited predictability of wind power is to commit more re-
serve from conventional generation units [8]. Various methods
have been presented in the past few years. Gooi et al. [9]
integrate a probabilistic reliability assessment with the tra-
ditional reserve constrained unit commitment function. A
dual objective formulation considering EENS is transformed
into a fuzzy optimization problem in [10]. In [11], Wang and
Gooi proposed a method for estimating spinning reserve re-
quirement in microgrids considering uncertainties caused by
load and non-dispatchable units, such as wind turbines (WTs)
and photovoltaics (PVs). Various uncertainties are discretized
then combined into an aggregated uncertainty distribution. In
addition, an iterative method is proposed to take into account
multiple generator failures.
Ronan et al. [12] use the number of load sheds per year as the

reliability criterion to quantify the spinning reserve in a system

with large wind power penetration. The net load forecast error
is modeled as a normal distribution, but this criterion does not
consider the extent that supply fails to meet the demand. In [13],
Bouffard and Galiana use both EENS and loss of load proba-
bility (LOLP) as constraints in a market clearing scheme. The
model is solved by mixed integer linear programming. The wind
power penetration is considered later in [14]. The normal distri-
bution of net load forecast error is discretized. In addition, a sce-
nario tree is introduced to simulate the intra-period transitions.
However, the model will have a heavy computational burden
when all possible scenarios are considered. Ortega-Vazquez et
al. [15] use a cost/benefit analysis to determine the optimal spin-
ning reserve level for each time interval. These optimal spinning
reserve levels are set as constraints in reserve constrained unit
commitment. In [16], they add the uncertainty of wind power
generation into the model. The Gaussian distribution of net de-
mand forecast error is approximated by seven intervals. A ca-
pacity outage probability table (COPT) [17] is used to calcu-
late the EENS of system. In [18], an artificial neural network
model for wind generation forecast is presented and integrated
in UC. The probabilistic concept of confidence interval is used
to account for the wind forecast uncertainty, but determining
the optimal confidence level creates another difficult problem.
In [19], adequacy of flexibility is used to guarantee the security
of system in case of wind power volatility. Benders’ cuts are
created and added to the master UC to revise the commitment
solution for iterations with violations. Another stochastic opti-
mization scheduling model considering wind power production
as stochastic input is presented in [20], which makes use of a
scenario tree tool to commit the scenario reduction and resched-
ules based on the most up-to-date forecast information.
The main contribution of this paper is to propose an approach

to determine the additional spinning reserve required over the
next few hours or days due to the integration of wind power
generation. An algorithm, which integrates the stochastic wind
forecast results into a day-ahead UC and extracts its value for
the operation of system, is developed. A new model of SCUC,
which minimizes the cost of energy, spinning reserve and EENS
is proposed and solved using MILP technique. The formulation
of EENS takes into account the probability distribution of fore-
cast errors of wind and load, as well as outage replacement rates
(ORR) of various generators. DC power flow is used to model
the transmission flow limits. The rest of this paper is organized
as follows. In Section II, the model of forecast wind power, fore-
cast net demand and generators are described. Then, the new
formulation of EENS is given in Section III. In Section IV, the
model of SCUC is proposed. After that, results of case studies
are presented in Section V. Finally, the conclusions are given in
Section VI.

II. MODEL OF WIND POWER FORECAST ERROR, NET
DEMAND FORECAST ERROR, AND GENERATORS

A. Wind Power Forecast Error
A wind speed forecast can provide expected wind speed and

estimated standard deviation of forecast error. This error can be
modeled as Gaussian distribution with mean zero [6]. Due to
the nonlinear input-output relationship of the wind turbine, the
probability distribution of wind power forecast error from indi-
vidual wind turbine is not Gaussian. Some research has shown
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that the wind power forecast error follows a distribution [21].
However, the large number and geographical dispersion of wind
turbines permit the invocation of central limit theory [22] to jus-
tify the assumption of Gaussian distribution of the total wind
power forecast error. In fact, the proposed method can be ap-
plied to any form of probability distribution of wind power fore-
cast error as long as it is smooth.
Consider a power system with wind farms and wind

turbines in wind farm is a random variable with expec-
tation and standard deviation . The wind power
forecast error of this turbine is

(1)

The total wind power forecast error is the sum of errors from
each individual wind turbine: . Given
the assumption above, has Gaussian distribution with expec-
tation and standard deviation , which we
will calculate as

(2)
and

(3)

where is the second
moment of total wind power output.
Given the probability distribution of forecast wind power for

each wind turbine with corresponding expectation and standard
deviation, the dependence between two forecast errors within
the same wind farm can be modeled with correlation coeffi-
cient . Across wind farms and dependence can be mod-
eled with correlation coefficient . In some cases or is
small, because the wind farms are far away geographically but if
the two wind farms are not greatly separated, then . We
can obtain the second moment of total forecast wind power as
in (4). In (4), is the set of all wind turbines and
is the second moment of the wind power output of turbine in
wind farm during period . Thus, we have the mean and stan-
dard deviation of total forecast error of wind power based on
wind speed forecast:

Fig. 1. Two-state model of generator.

(4)

B. Net Demand Forecast Error
The load could be modeled as forecast load plus a Gaussian

distributed error, which has expectation zero and standard de-
viation [6], [14], [16]. The net demand is defined as the
system load minus the total wind power and needs to be bal-
anced by other generators in the system. In this case, we assume
the load forecast and wind forecast errors are uncorrelated, so
the forecast error of net demand is the sum of the load fore-
cast error and wind power forecast error. This follows Gaussian
distribution with expectation zero and standard deviation as

(5)

C. Generator Reliability Model
A two-state Markov model used in this paper is shown as in

Fig. 1 such that both failure and repair times are exponentially
distributed with parameters and , respectively [17]. The
time dependent unavailability and availability of unit i can be
calculated respectively as

(6)

(7)

For generators, the system lead time is relatively short such
that a failed unit cannot be repaired or replaced within this short
period, i.e., can be neglected. Under this assumption, the
unavailability and availability of unit can be further simpli-
fied to

(8)
(9)

III. FORMULATION OF EENS
The EENS is the expected energy not served while the net

demand forecast error plus the output of unavailable generators
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is larger than the available spinning reserve. The unit of EENS
used in this paper is MWh. As stated before, the net demand
forecast error is a continuous random variable, while the uncer-
tainties of generators are a set of binary random variables. In
order to combine these binary random variables with the con-
tinuous random variable, the formulation of EENS is divided
into two steps. In the first step, a set of scenarios is constructed
based on “ ” or “ ” contingency rules. In the next
step, the probability distribution of net demand forecast error is
combined with the realization of uncertainties of generators in
each scenario, then discretized into intervals. The EENS in
a scenario is calculated by summing the expectation of all inter-
vals giving rise to load shedding. The summation of all EENS
weighted by probabilities of corresponding scenarios is the total
EENS of the system.
In the first step, only single order contingency events are

taken into account since multiple order contingency events have
relatively small probabilities while consuming far more compu-
tational resources. Note the difference between a planning cal-
culation where in general one needs to consider the possibility
of multiple outages and units under maintenance. The proba-
bility of all scheduled generators available except generator is

(10)

In addition, these probabilities can be further simplified by
replacing the higher order terms in the product expansions by
upper bounds. Therefore, they can be restated as

(11)

In the second step, the uncertainties of generators and net
demand forecast error is combined to obtain the total system
forecast error for each scenario. Taking scenario during period
for example, we calculate the redundant or deficient power of
generators according to the realization of them in this scenario
as

(12)

It should be pointed out that is empty, when . This
is the base scenario. Then, we subtract from to find the
total system forecast error for scenario as

(13)

Note that the probability distribution of is obtained
through shifting to the left or right over a distance of .
If , that means there is redundant power from gen-
erators, then shifts to the left and the expectation of load
shedding is reduced as in Fig. 2. Otherwise, shifts to the right
and the expectation of load shedding is increased. Next, the
probability distribution of is divided into odd number
intervals with as the probability of interval . The width of
each interval is . For interval , the mid-value of this interval

is taken as the value of the whole
interval. A seven-interval approximation is shown as in Fig. 2.

Fig. 2. Seven-interval approximation of probability distribution of total system
forecast error.

Since we only need the intervals satisfying

(14)

another binary variable is introduced to distinguish inter-
vals satisfying (14) from others. Hence, the EENS in scenario
during period can be formulated as

(15)

Each of these binary variables is associated with one
realization of the total system forecast error, such that

(16)

Expression (16) implies that the new binary variable is equal
to 1 if and only if the associated realization of total system fore-
cast error falls on the right side of the axis as in Fig. 2.
The nonlinear conditional expression in (16) can be recast into
an equivalent MILP form by constraints

(17)

(18)

Expressions (17) and (18) characterize a novel variant of the
formulation of EENS considering the probability distributions
of forecast errors of wind and load as proposed in this paper.
Constraint (17) makes use of the fact that if one interval causes
load shedding, then any interval on its right must also cause load
shedding. In other words, we only need to find the interval, in
which lies. As stated before, the probability distribu-
tion of differs from that of by shifting to the left or right
depending on . Constraint (18) takes advantage of this fact
to find the location of .
Of course, one can divide the distribution of into smaller

intervals, such as by simply substituting for
in (15),(16), and (18). With small intervals, the result will be
more accurate, but require more computational resources. Fi-
nally, the summation of weighted by probabilities of
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corresponding scenarios is the total EENS of the system during
period :

(19)

So far, EENS are formulated as the summation of products
of two binary variables and a continuous variable, which can be
linearized just as in [13].

IV. PROPOSED SCUC FORMULATION

UC provides the best combination of generators to turn on
and optimally schedules these generators to balance the demand
over a specific study period. When security is considered in UC,
this process becomes much more complex due to not only the
coupling of energy and spinning reserve output of generators
but also the issue of quantifying spinning reserves. Generally,
the more spinning reserve, the more reliable the system will op-
erate. Still, a trade-off needs to be made between the additional
operating cost and reliability.

A. Objective Function

The objective function of conventional UC considers only op-
erating and start-up cost of generators over all periods of the
scheduling horizon. In the proposed formulation, the spinning
reserve requirements are determined by simultaneously opti-
mizing the operating cost, start-up cost, reserve cost, and ex-
pected cost of load shedding (ECLS). The ECLS is expressed
as the value of lost load (VOLL) [23] multiplied by the approx-
imation of EENS as developed in Section III. This approach
has the advantage of being self-contained in the sense that it
does not need another EENS target or spinning reserve con-
straint because the spinning reserve provision is based on an
internal cost/benefit analysis. In order to keep the MILP form,
piece-wise linear approximation of the cost curves of generators
is used. The objective function of SCUC is stated as

(20)

B. Constraints

The objective function must be minimized subject to a
number of constraints.
• Power balance

(21)

• Spinning reserve limits of generators
(22)
(23)

• Transmission flow limits in the base scenario

(24)

TABLE I
FORECAST NET DEMAND

Additionally, each unit is subject to its ownoperating constraints,
including the upper and lower output constraints, minimum up
and down time constraints, initial condition constraints and
ramp-up and down constraints. Please refer to [24] for details
about mathematical formulations of these constraints.

V. CASE STUDIES

In this section, the proposed method for quantifying spin-
ning reserve is demonstrated on a modified IEEE Reliability
Test System [25]. In this system, there are 26 thermal gener-
ators and the hydro units have been removed. The ramp rates,
failure rates and quadratic cost coefficients are taken from [26].
For simplicity, the unit quadratic cost curves in [26] are con-
verted into piece-wise linear cost curves. In addition, we as-
sume that all units offer reserve at rates equal to 10% of their
highest incremental cost of producing energy as in [13]. The
load from [26] is modified by adding another 250 MW for each
period to balance the wind power. The load forecast error is as-
sumed to be Gaussian distribution with zero mean and a stan-
dard deviation 3% of the forecast load [14]. VOLL is set to be
4000 $/MWh [16].
In order to show the effect of wind power penetration on the

system reliability, we add 6 wind farms at bus 1, bus 2, bus 7,
bus 16, bus 17, and bus 22, respectively. Each wind farm has
70 wind generators with capacity 1.5 MW [27]. So, the total
wind power capacity is 630 MW, 20.0% of the total conven-
tional generation capacity. The correlation coefficients of two
forecast errors of wind power in the same wind farm are set to
be 0.3 and that of wind turbines between wind farms at bus 16
and bus 17 are set to be 0.2 [6], [12]. In addition, the wind speed
forecasting error is set to be a Gaussian distribution with zero
mean. The standard deviations fall within the range of 5%–20%
in the examples. The forecast net demand, that is, the system
forecast load minus the expected output of wind generators, is
shown in Table I.
The DC power flow is used to simulate the transmission flow

limits in the base scenario. For simplicity, the system is divided
into 2 areas, connected by 4 transmission lines from bus 11 to
bus 14; bus 12 to bus 23; bus 13 to bus 23; and bus 15 to bus
24, respectively. It is assumed that no congestion occurs inside
these two areas, and hence we only consider the transfer limits
between areas.
The model is coded in a MATLAB environment and solved

using a MILP solver CPLEX 12.2. With a pre-specified duality
gap of 0.5%, the running time is about 180 s on a 2.66-GHz
Windows-based PC with 4 G bytes of RAM.
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Fig. 3. Comparison of spinning reserve and EENS between proposed and tra-
ditional methods.

Fig. 4. Comparison of generator schedules between proposed and traditional
methods.

A. Comparison of Traditional and Proposed Methods

Firstly, we solve the traditional UC maintaining the quantity
of spinning reserve as the capacity of the largest generator in the
system, which is 400 MW. Using this result, we calculate the
EENS. Then, we solve the UC problem again by the proposed
SCUC. The comparison of spinning reserve and EENS between
traditional and the proposed methods is shown in Fig. 3. The
comparison of the resulting generator schedules is shown in
Fig. 4.
From Fig. 3, we see that the scheduling result of traditional

UC, which maintains 400-MW spinning reserve, is generally
more reliable than that of the proposed SCUC. Consequently,
the total cost of traditional UC is slightly higher than that of the
proposed SCUC as shown in Table II. Specifically, the expected
cost of load shedding by the proposed SCUC is increased, while
the operating costs including energy cost, start-up cost and spin-
ning reserve cost are reduced by a total off 1.12%. The overall
cost of the proposed SCUC is reduced by 0.38% compared to

TABLE II
COMPARISON OF COSTS BETWEEN TRADITIONAL AND PROPOSED METHODS

Fig. 5. Spinning reserve under different VOLL values.

that of the traditional UC. In other words, better operating ef-
ficiency can be reached by reducing the reliability level of the
traditional UC. More simply, the spinning reserve requirement
of 400 MW is very conservative.
Another point that should be noted is the trade-off between

providing additional spinning reserve and load shedding as
shown in Fig. 3. When the system load level is low, the EENS
level is low. The reason is that the cost of providing extra
spinning reserve is low due to the light load during these
periods (Hour 1 to Hour 5), so additional spinning reserve is
more economic than load shedding. On the contrary, when the
system load level is high (Hour 15 to 24), more expensive units
have been committed, and as a result, the cost of providing
extra spinning reserve is high. Therefore, the EENS during
these periods is much higher than that during low load levels.
During the period of load increase (Hour 6 to Hour 10), the cost
of spinning reserve is the highest because extra generators need
to be committed and the start-up cost of these generators results
in a large increase in the cost of additional spinning reserve.
Hence, the EENS during these periods is the highest (Fig. 3).
In addition, we can see that fewer units are committed by the

proposed method than the traditional method as shown in Fig. 4.
This again verifies the traditional UC with a spinning reserve
minimum is conservative.

B. Relationship Between VOLL and Spinning Reserve
The quantities of spinning reserve and EENS under different

VOLL values are shown in Figs. 5 and 6. As the VOLL value
increases from 2000 $/MWh to 8000 $/MWh, both the resultant
quantity of spinning reserve and EENS value vary significantly.
This is because the increase of VOLL value changes the equi-
librium point between energy cost, reserve cost and expected
cost of load shedding. As the VOLL value increases, additional
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Fig. 6. EENS under different VOLL values.

Fig. 7. Spinning reserve under different load forecast errors.

spinning reserve becomes more economic than load shedding.
Consequently, the quantity of spinning reserve increases, while
the value of EENS decreases.

C. Relationship Between Load Forecast Error and Spinning
Reserve

The optimal spinning reserve and corresponding EENS under
different load forecast errors are shown in Figs. 7 and 8. As the
standard deviation of load forecast error rises from 2.5% to 4%,
both the resultant quantity of spinning reserve and the value of
EENS increase. Similar to the discussion above, the increase of
load forecast error changes the equilibrium point. As the load
forecast error increases, the energy cost, reserve cost and ex-
pected cost of load shedding share the extra cost caused by in-
creasing load uncertainty. The total cost of the system under
different load forecast errors is shown in Table III.

Fig. 8. EENS under different load forecast errors.

TABLE III
TOTAL COST OF SYSTEM UNDER DIFFERENT LOAD FORECAST ERRORS

Fig. 9. Spinning reserve under different ORR.

D. Relationship Between ORR and Spinning Reserve

The optimal spinning reserve and corresponding EENS value
under different ORR of generators are shown in Figs. 9 and 10.
As the ORR of the 350-MW generator increases, both the re-
sultant quantity of spinning reserve and the value of EENS in-
crease. Similar to the analysis above, the energy cost, reserve
cost and expected cost of load shedding share the extra cost
caused by increasing generation uncertainty. In particular, this
result verifies that the reliability of generators plays an impor-
tant role in the proposed SCUC. The total cost of system under
different ORR values is shown in Table IV.
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Fig. 10. EENS under different ORR.

TABLE IV
TOTAL COST OF SYSTEM UNDER DIFFERENT ORR

Fig. 11. Spinning reserve under different wind speed forecast errors.

E. Relationship Between Wind Speed Forecast Error and
Spinning Reserve

The optimal spinning reserve and corresponding EENS value
under different wind speed forecast errors are shown in Figs. 11
and 12. The optimal spinning reserve increases as the standard
deviation of wind speed forecast error increases. Similar to the
analysis of load speed forecast error, the energy cost, reserve
cost and expected cost of load shedding share the extra cost
of increasing wind speed uncertainty. The total cost of system
under different wind speed forecast errors is shown in Table V.

Fig. 12. EENS under different wind speed forecast errors.

TABLE V
TOTAL COST OF SYSTEM UNDER DIFFERENT WIND SPEED FORECAST ERRORS

Fig. 13. Spinning reserve under different transfer limits.

F. Impact of Transfer Limits on Spinning Reserve
Initially, the transfer limits of the four transmission lines are

all 500 MW and the maximum power flow is only 247.47 MW.
In order to show the effect of transfer limits on spinning reserve,
we reduce the limits to 220MW and 200MW, respectively. The
optimal spinning reserve under different transfer limits is shown
in Fig. 13.
The impact of transmission limits is variable. It may lead to

increased spinning reserve as during Hour 1 to 5 and Hour 14.
This arises due to scheduling changes of the individual units.
Specifically, the reductions in outputs of some units result in
more spinning reserve available, while the increases in outputs
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of others have no effect on their spinning reserve. Thus, more
spinning reserve is available. Still, further reduction of transfer
limits may eventually reduce the optimal spinning reserve.
When unit commitment changes, generally the spinning re-
serve increases, as in Hour 6 to 9. The reason is that more units
are started during that period due to the transfer limits. It should
be pointed out that the total operating cost always increases
as the transfer limits are reduced regardless of the available
reserve.

VI. CONCLUSION
In this paper, a new SCUC model, which integrates the sto-

chastic wind forecast results into the day-ahead UC and extracts
its value to system operation, is proposed. The approach deter-
mines the optimal amount of spinning reserve that minimizes
the total cost of operating the system, i.e., balancing energy cost,
start-up cost, reserve cost and expected cost of load shedding.
This new formulation of EENS considers the probability dis-
tribution of forecast errors of wind and load, as well as ORR
of the various generators. Generally, the proposed method has
two advantages: first, the method is capable of aggregating the
probability distribution of wind and load forecast into UC; and
second, the approach determines the optimal amount of spinning
reserve in terms of the optimal trade-off between economic ef-
ficiency and reliability of system. The results of the case studies
show the effect of uncertainties, such as ORR, load forecast
error and wind forecast error, on the trade-off between economic
efficiency and reliability of system.
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