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Abstract—This paper proposes a power-based network- wug;

constrained unit commitment (UC) model as an alternative to
the traditional deterministic UCs to deal with wind generation
uncertainty. The formulation draws a clear distinction between
power-capacity and ramp-capability reserves to deal with vind
production uncertainty. These power and ramp requirements
can be obtained from wind forecast information. The model

is formulated as a power-based UC, which schedules power-

trajectories instead of the traditional energy-blocks andtakes into
account the inherent startup and shutdown power trajectores of
thermal units. These characteristics allow a correct repreentation
of unit's ramp schedule which define their ramp availability

for reserves. The proposed formulation significantly decrases Pyt

operation costs if compared to traditional deterministic and
stochastic UC formulations while simultaneously loweringthe
computational burden. The operation cost comparison is mae
through 5-min economic dispatch simulation under hundredsof
out-of-sample wind generation scenarios.

Index Terms—Mixed-integer programming, operating reserves,
power-capacity reserves, ramp-capability reserves, unicommit-
ment.

NOMENCLATURE
A. Indexes and Sets

g € G Generating units, running from 1 @.

b € B Buses, running from 1 ta@.

[ € L Transmission lines, running from 1 to.

t € T Hourly periods, running from 1 t@ hours.

B. Parameters

Dy, Power demand on busat the end of hout [MW].
',  Shift factor for linel associated with bus [p.u.].
F{; Shift factor for linel associated with unig [p.u.].
Iz Flow limit on transmission liné [MW].

P,  Maximum power output [MW].

P Minimum power output [MW].

Binary variable which is equal to 1 if the unit is
producing above’, and O otherwise.

Binary variable which takes the value of 1 if the unit
starts up and O otherwise.

Binary variable which takes the value of 1 if the unit
shuts down and 0 otherwise.

gt

Zgt

D. Second-stage Variables

Power output above minimum output at the end of hour
t [MW].

Total power output at the end of hour including
startup and shutdown trajectories [MW].

gt

Tqt Reserve deployment to provide the upper-wind dispatch
Wyt [MW].

Tot Reserve deployment to provide the lower-wind dispatch
wy; [MW].

wp:  Wind dispatch for the nominal wind case, [MW].

wy:  Wind dispatch for the upper bound windl,, [MW].

wy,  Wind dispatch for the lower bound wind’,, [MW].

E. Functions

¢k, () Fixed production cost [$].
cS’t (-) Variable production cost [$].

I. INTRODUCTION

Nrecent years, high penetration of variable generating

sources, such as wind power, has challenged independent
system operators (ISO) in keeping a reliable power system
operation. The deviation between expected and real wind
production must be absorbed by the power system resources
(reserves), which must be available and ready to be deployed
in real time. To guarantee this availability, the systenouveses
must be committed in advance, usually day-ahead, by solving
the so-called unit commitment (UC) problem.

1) Dealing with Uncertainty in UC: Stochastic and ro-
bust optimization have gained substantial popularity f@ U

Upper bound of the forecasted wind power at the enghtimization under parameter uncertainty. In the stodébast

optimization approach, the stochasticity can be represent

Lower bound of the forecasted wind power at the enéirough an explicit description of scenarios and their asso

ciated probability 1], [2]. This approach presents however

Ramp-down forecasted wind requirement for the whokome practical limitations: 1) it may be difficult to obtain a

accurate probability distribution of the uncertainty; abda

RD, Ramp-down capability [MW/h].
RU,; Ramp-up capability [MW/h].
SD, Startup ramping capability [MW/h]. A. Literature Review
SU, Shutdown ramping capability [MW/h].
Wi Nominal forecasted wind power at end of hayMWw].
Wt
of hourt [MW].
Wy,
of hourt [MW].
Wh-
hour ¢ [MW/h].
Wi+

hour ¢ [MW/h].

C. First-stage Variables

Down power-capacity reserve scheduled [MW].
Up power-capacity reserve scheduled [MW].
Down ramp-capability reserve scheduled [MW/h].
Up ramp-capability reserve scheduled [MW/h].
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Ramp-up forecasted wind requirement for the wholgrge number of scenario samples is required to obtain tobus

solutions, which results in a computationally intensivelpem
(often intractable).

The robust optimization approach partly overcomes these
disadvantages 1) by requiring moderate information abwoait t
underlying uncertainty, such as the mean and the range of the
uncertain data; and 2) by immunizing the solution agairist al
realizations of the data within the uncertainty range. Hae



it may be too conservative, since the objective functiorois t
minimize the worst-case cost scenario, which may never be
realized in practice. To deal with overconservatism, 1) @pa
meter commonly called budget-of-uncertainty is introdlize
the optimization problem to control the conservatism of the
robust solution 3], [4]; and 2) more recently4] proposes an
unified stochastic and robust UC model that takes advantfage o
both stochastic and robust optimization approaches, wthere
objective is to achieve a low expected total cost while engur
the system robustness.

Although the computational burden of adaptive robust UC
does not depend on the number of scenarios, it requiresgolvi
a mixed integer programming (MIP) problem together with

A
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(a) Stochastic (low ramp)

P i Power Capacity

(b) Stochastic (high ramp)
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a bilinear program to obtain the worst-case scenario. This
problem is considerably more complex to solve than a pure
MIP, requires ad-hoc solving strategie3],[[4], and it can

also considerably increase the computational burden of ) o )
A stochastic UC implicitly captures both reserve require-

problems. .
In short, although stochastic and robust UCs are powép—ems through scenarios, e.g., see Figsand1b. However, to

ful tools to deal with uncertainty, they are computatioylallCorreCtIy rgpre_sent these reserve req_uweme_nts, a Ia"g'bm
of scenarios is needed, resulting in a high computational

intensive. This is the reason why traditional deterministi On the other hand. th ditional d inistic UGS
formulations remain valid and widely used by ISOs worldwig&©St: On the other hand, the traditional deterministic ¢

Therefore, it is needed to develop improved determinist?cnly ensure a given p()j(.)f\;ver-capamty. reserve, see Ealgbutd |
formulations that better exploit the flexibility of the powe |t.canr.10t guarantee di er.ent.ram_plng requirements (o dea
system and better face wind uncertainty with either of the scenarios in Figda and 1b. Although

2) Power-Capacity and Ramp-Capability Reservés:or- deterministic UCs remains being the ISOs’ dominant practic

der to solve the day-ahead UC it is necessary to take irft yvadzilys dule _:(:hthe I?W c]fl)mpbq;t_?n?nzl blurd.tint’h't d(.)]fs not
account that wind generation is subject to uncertainty. Adnerently exploitihe system Tiexibiity 1o deal wi ceptic

the wind power forecasting error can be significant 24 hourrgquwements imposed by wind generation uncertainty.
in advance, the range of possible values of wind power for3) Power-based UCConventional day-ahead UC formula-
each hour of the following day can be very broad. As #ons fail to deal with ramp capabilities appropriatelyefii-
consequence, ISOs need to schedule some power-capa&igyit ramp management arises from applying ramp-congsrain
reserve to guarantee that committed system resources avilltd energy levels or (hourly) averaged generation levels: co
able to cope with any value of wind generation that can is&quently, energy schedules may not be feasiflelfi addi-
realised within that range. tion, traditional UC models assume that units start/endr the
When getting closer to the real time, for instance one hoRfoduction at their minimum output. That is, the intrinsic
in advance, the range of possible values for the next hoursi@rtup and shutdown power trajectories of units are ighore
smaller. However, even within such short time interval, dvinAS & consequence, there may be a high amount of energy that
generation can increase or decrease its value at a rate th&wot allocated by UC but it is inherently present in realgjm
will require that conventional generators adapt their atitpthus affecting the total load balance and causing a negative
to follow that ramp to keep the demand-supply balanceéconomic impactd]. For further details of the drawbacks of
Therefore, apart from the day-ahead power-capacity resergonventional UC scheduling approaches, the reader isreefer
it will be necessary to ensure that for any hour, the comuhittéo [9], [10] and references therein.
system resources will be able to cope with the expectedTo overcome these drawbackd,(] proposes the power-
maximum ramp of variation of the wind generation. Thus, lbased UC (or ramping scheduling) approach. This approach
ramp-capability reserve is also needed. uses piece-wise linear power trajectories for both gemerat
To illustrate the need of a clear differentiation betweeunnits and demand instead of the commonly established stair-
power-capacity and ramp-capability reserves, consider tbase profile for energy blocks. The use of an instantaneous
following example. Figs.la and 1b show two different set power profile allows the model to efficiently schedule ressrv
of wind scenarios which present the same power-capaciyd ramping resources. In comparison with conventional UC
uncertainty ranges, but completely different ramp undetfa models, the power-based UC approach guarantees that, first,
ranges. Dealing with the scenarios in Fid requires higher energy schedules can be delivered and, second, that opgrati
ramp-capability, although both set of scenarios demand theserves can be deployed respecting the ramping and oapacit
same power-capacity requirements. In fact, some power sisiits of generating units. In addition, the model takesoint
tems have experienced short-term scarcity events causedabgount the normally neglected power trajectories thatiocc
resources with sufficient power capacity but insufficiemhpa during the startup and shutdown processes, thus optimally
capability B]. In response, ISOs are developing market-basedheduling them to provide energy and ramp, which help to
ramping products, thus making a clear difference betwesatisfy the power demand.

Fig. 1: Different approaches to deal with wind uncertainty

Lﬁ)ewer-capacity and ramp-capability requiremesis [6].
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B. Power-Capacity and Ramp-Capability Reserves in Power-  guarantees that the system has enough flexibility to
Based UC: An Overview adapt to any wind uncertain realization. The level of

This paper proposes a power-based network-constrained UC conservatism of the solution is controlled by the reserve

model as an alternative to the traditional deterministicsUC parameters and wind curtailment flexibility. That is, once
to deal with wind generation uncertainty. The proposed UC ~ the reserve requirements are fixed, the proposed UC

gives flexibility to the power system to face wind uncertgint reshape these requirements by considering curtailment.
This flexibility is provided by drawing a clear distinction 3) e develop a practical compact mixed-integer program-
between power-capacity and ramp-capability reserve regui ming (MIP) formulation to deal with wind uncertainty.
ments (Fig.1d), and by optimally dispatching wind generating The complete formulatlon_ remains compact since it only
units. Allowing a different value for ramp-capability rese needs two reserve requirements, unlike the stochastic
requirements results in a more realistic setting, as désmiis approach where problem size depends on the number

above. Wind dispatch flexibility is modelled by considering _ ©f considered scenarios.
curtailment in the UC formulation. Curtailment may appear 4) The proposed deterministic UC can be used by I1SOs to
due to either economic reasons or technical reasons, e.g., €nSure that enough power-capacity and ramp-capability
insufficient network capacity. This flexibility helps to neck resources are available to deal with wind uncertainty in
the reserve requirements since part of the uncertainty can real-time operation. ISOs can also adjust the level of
be faced by curtailment, as practiced in ERCOT and MISO.  conservatism of the solut|oq by adjusting the reserve
Introducing other renewable energy sources to the forramat requirements, based on their preferences and on their
is straightforward if they can be curtailed. available information of wind uncertainty.

The model is formulated as a power-based UC, which scheldie remainder of this paper is organized as follows. Sedtion
ules power-trajectories instead of the traditional endalpeks, details the mathematical formulation of the different ejierg
and it takes into account the inherent startup and shutdov@serves and their links with the ramp schedules. Sedtlon
power trajectories of thermal units. These charactesigtiiow presents some numerical examples as well as a comparison
a correct representation of unit's ramp schedule[[8] which  with the deterministic and stochastic UC approaches. Fyinal
define their ramp availability for reserved. concluding remarks are made in Sectidh

The formulation is represented as a mixed integer program-
ming (MIP) problem, which has become the leading approach
in the electricity sector due to significant improvements on
MIP solvers. The core of the proposed MIP formulation istouil This section presents the proposed mathematical formu-
upon the convex-hull and the tight-and-compact formutatio lation of the power-based UC. This section first discusses
presented inJ1] and [8], respectively, thus taking advantagéhe relationship between the wind uncertainty range and the
of their mathematical properties. These formulationsfoege POWer system reserve requirements. The next part is detwted
the convergence speed by reducing the search space (8ghtn@odelling the reserve constraints for generating units taed
and at the same time by increasing the searching speed iifiiwork constraints. Finally, the objective function idided.
which solvers explore that reduced space (compactness).

We present an extensive numerical study on the IEEE 11,_&.' Wind Uncertainty Range and Power System Requirements
bus test system, where we compare the proposed formulation . ] )
with the stochastic and with the deterministic approacfies.  1Ne first step to define the level of reserves. In this paper,
perform comparisons and to obtain an accurate estimatel@# uncertain parameters are the power-capacity and ramp-
the performance of each UC policy, the hourly commitmef@Pability ranges of wind production, see Figl The wind
obtained from each UC approach is evaluated through a 5-nRfdver-capacity uncertainty range of nodeat time ¢ is

economic dispatch for 200 out-of-sample scenarios. defined by the upper and lower bound&’s, W, |. The wind
ramp uncertainty range of node at time ¢ is defined by

(W=, Wit]. The nominal value of wind ramp is defined
by the trajectory of the nominal wind power productidn,.
The principal contributions of this paper are as follows: In this paper, we consider the nominal value of wind
1) The proposed formulation explicitly includes a preproductioni¥, as the middle value of the uncertainty range,
specified nodal power-capacity and ramp-capability rée., (W + Wy, )/2. The proposed formulation is general, so
serve requirements, which can be obtained from wid®Os could define any other nominal wind value, e.g., the
forecast information. The formulation explicitly modelsmnost expected wind production. The only limitation is that
the interdependency between the power-capacity afi® nominal value of wind production must be defined within
ramp-capability reserves; i.e., providing ramp-capgpili the wind uncertainty range.
means providing power-capacity, but providing power- The flexibility that brings the fact that wind generation can
capacity does not necessarily means providing a givee curtailed is taken into account. Thus, the possible tibea
level of ramp-capability. wind range that results from the UC may (shrink) be different
2) Although the proposed UC formulation optimizes ovethan the forecasted range, as shown in Rig.
a nominal wind scenario, it also includes the worst-caseTo allow curtailment in the formulation, the wind-dispatch
wind scenario proposed inl®, then the UC solution variables are bounded by their associated wind forecast

II. MATHEMATICAL FORMULATION

C. Contributions and Paper Organization
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» Nt Expected range i Dispatchable range
¥ Expected up ramp _A Dispatchable up ramp — A Power [MW]
—— P P-Pt A eeee U Upper envelope: p,+7r;
e ~_ _ e \i\ R _ _,."ﬁ {r Nominal production: p,
=TT - /‘ ”%w Lo he-1 it — —Lower envelope: p/r;
N < N N-
~ o Tl -
ty, gy | —*C\ - ‘i’
(a) Forecasted range (b) Dispatchable range D~
Fig. 2- . . ) ol ! ! | Time o,
g. 2: Forecasted and dispatchable wind uncertainty sange T 1 7 ™ [h]
bounds: Fig. 3: Unit's operating range

0 <wy < Wy, 0 <wpr < Wor, 0 < W < Wi V0, (1) ramp-capz_abilityr?j,r?{ and power-capacity,, r,, reserve
and we define the variables&* andw?~ as the maximum ranges. Fig.3 shows how the nominal case and the power-
ramp up and down range, exceeding wind nominal values, tifgpacity reserves define upper and lower envelopes for' units

can fit within the dispatchable uncertainty range, respelgti  °Peration. _ , _
1) Commitment Logic:The relation between the commit-

wyy " = Wyt — wpt) + (Woe—1 —wy,_1)  Vb,t  (2) ment, startup and shutdown variables is given by:

wy = (W,—1 — Whe—1) + (wpr —wyy) Vbt (3) Ugt — Ugg—1 = Vgt — 2g¢ Vg, 1. (12)

Once the wind uncertainty ranges are defined, the powerlsqyciraints imposing the minimum up/down times and
system must supply demand and reserves for these rangegjiferent startup types are also included, s&@l.[

Zﬁgt - Z (Dot — wye) () 2) Total Power _Output for The Nominal Eroductioﬁ:he
oy beB proposed formulation considers slow- and quick-startsuior
the sake of brevity, we present the set of constraints farkgui
+

Zgr t2 l;g (W —1wy) ¥t ©) start units, which can startup within one hour:

ge S

Sor =Y (@ —ww) Yt (6) Pot = Ly (g + vg41) + g0 Voot (12)

9€9 bel The slow-start units are included into the formulation by
> orit > it (Wbt’ﬂwg’*) vt (7) only modifying (12), thus including shutdown and different-
3 beB startup power trajectories that take longer than one hcwe. T

R— . < Ri R4 reader is referred tog[, [10Q], [1]] for further details.

Zgrgt 2 gmf (Wbt » o ) vt. ) 3) Power-Capacity Reservesihe upper and lower envel-
ge €

opes must be within the unit's capacity limits, see Rg.
where @) is a power balance at the end of hauBe aware

g _
that the energy balance for the whole hour is automatically ~ Pgt + gt = (Py - Bg) ugt — (Pg — SDy) zg,t41

achieved by satisfying the power demand at the beginning and + (SUg — Bg) Vgi41 Vg, t (13)
end.of each hour, and by considering a piecewise-linear powe Dot — Ty >0 Vg, t (14)
profile for demand and generatioh(]. 3 _ .

Equality @) ensures that the system provides the power4) Ramp-Capability Reservesthe unit's nominal produc-
and ramp requirements for the wind nominal case. Consraitipn defines the ramp-capability that is available in every
(5)-(6) and (7)-(8) guarantee that the system can provide tHeeriod:
maximum power and ramp deviations from the nominal case, R+  pr7 SU. P Vot
respectively. Parameter&** and Wi~ are the maximum up Por = Pga-1 7yt < RUstig + (SUs = By) vg001 ¥,

e . 15

and down ramp deviations from the nominal ramp, respect- - (15)
ively, and are obtained as follows: —Pgt +Dgt—1 + 7y < RDgug + (SDg — Py) zgt ng(t )
16

TR+ _ /R
VY’}L B Wbéf (Wor = Whe—1) - ¥,¢ © 5) Relationship Between Power-Capacity and Ramp-
Wy~ =Wy~ = (W1 —Wy) Vit (10) Capability ReservesThe following constraints ensure that the
The infimum functions in 7) and @) guarantee that the Uit operate within the ramp limits on either the upper ordow
ramp requirement do not exceed the scheduled wind rarRj&/elopes, respectively:

by choosmg the minimum value bet_ween the f(_)re_casted ramp —Tfft_ < r;rt _ T;_,t—l < T?ﬁ Vg,t (17)
requirement and the maximum possible ramp within the sched- R 7 > Rt

uled wind range. An MIP equivalent formulation for the “Tgt STgr ~Tgro1STe VGl (18)
infimum function in ¢) and @) is provided in [L3]. where (7) and (L8) can be obtained from Fig3, see Ap-

pendixA for further details.

The available up (down) ramp-capability* (r5,") is

This section presents a set of constraints that guarardte ttounded by the maximum upwards (downwards) power change
a unit can provide any power trajectory within its scheduldtiat is possible within power-capacity operating range; B

B. Individual Unit's Constraints
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(A—D) in Fig. 3: Notice that total reserve deployment for the upper wind
St Vot (19) 1%t decrense e oversll generation when wind productor
; generation when wind production
re <l +ry Vgt (20) is above the nominal value. Notice i27) and @8) that the
lpower—capacity reserve requirements are provided yr,,
then these variables provide the limits 05‘1“@. In other
ords, variablea_"gt,fgt will be equal to eitherr;g or r;;.
herefore, 23) and @4) are more constrained and dominate
6(17) and (8), that is, (L7) and (8) are then redundant.
Although () and @) ensure that the units can provide
o Tt oy >0 Vg, t. (21) the required power-capacity reserves, they do not guaante
that there is transmission capacity available to deploynthe

In summary, constra|nts.18)-(21) gugraptee that the ur"tHowever, constraints26)-(29) guarantee that these power-
can provide any power trajectory within its scheduled ramp-

capability and power-capacity reserve ranges. capacity reserves can be deployed.

Constraints 19) and @0) guarantee that once the uni
is scheduled to provide ramp-capability reserve, there is
scheduled power-capacity range that can allow this ram
capability deployment.

Finally, all these reserve variables are defined as positiv

+
Tgt,

C. Network Constraints D. Objective Function

[12] shows that by finding a feasible dispatch for the lowest The proposed UC formulation optimizes over a nominal
expected wind boung,,, all other possible wind realizationsvalue of wind production and some weight can be given to
within the uncertainty range are feasible. That is, all acers the upper and lower wind bounds:
can becomew,, by curtailment. Consequently, all scenarios
can be dispatched and, in the worst case, the maximummin " |:c§t (Ugt, Vgt Zgt)
quantity of wind that can be dispatched for any scenario doul teT geg L~
be w,,. Now, by ensuring a feasible dispatch for the upper
expected wind boun@bt_, we guarantee that wind scenarios O<1c;/t (Dyt) + 0420;@ (Dyt +Tgt) + 0430;@ (Dot +£gt)
up tow; can also be dispatched.

Now, we need to find the units’ reserve deploymerys

; (30)
and r,, for the upper and lower expected wind bounds,
respectively. These reserve deployments must be within tweerea; + as + a3z = 1. Henceforth, we set, = a3 = 5,
scheduled power capacity limits: hencen; = (1 — «). The weightx gives the flexibility to ISOs
to give importance to the limits of the uncertainty range.

First stage

Second stage

~Tgt STgtsTgr < Tgr V95t (22) Similarly to the robust and stochastic approaches, the first

and they must also satisfy ramp limit constraints: stage counts the fixed production ceff (-) which is com-
R _ Rt posed by the no-load, shutdown and different startup costs,

gt STgt —Tgt-1<Tg Vgt (23) depending on how long the unit has been offlid€][ The

—rf}t‘ STt —Tgio1 < r?t* Yg,t. (24) second stage counts the variable production e§jst) that is

calculated based on the units’ energy production, which can

Finally the transmission capacity constraints are enﬁbche easily obtained from,, [10]
g .

for both the upper and lower expected wind bounds:

_ _ IIl. NUMERICAL RESULTS
—F1 <Y T (Bgt +Tgt) + Y Twp (W — Diy) < Fy Vit

v beB The performance of our proposed approach is evaluated us-

(25) ing the modified IEEE 118-bus test system, available onltne a
_ . — www.iit.upcomillas.es/aramos/IEEE118 SUSD-Rampsfris
—Fi = Zrlg (Pot + 1) + Zrlb (wey — Do) < Fr VIt 4 ime span of 24 hours. The system has 118 buses, 186
9€9 beb transmission lines, 91 loads, 54 thermal units and three win

(26) units. The power system data are based on th&fiarid it was
The demand balances for these scenarios are guarantedy bydapted to consider startup and shutdown power trajestorie
together with: All tests were carried out using CPLEX 12.84] on an Intel-
i7 3.4-GHz personal computer with 16 GB of RAM memory.
ZTW - Z (wpr = Wee)  Vt @7 The problergs are solvedpuntil they hit a time limit of 720%
9€9 beB seconds or until they reach an optimality tolerance of 0.05%
T =Y (wp —wy) Yt (28)  In this section, we first show the procedure used to evaluate
9€9 bes the performance of the UC solutions. Then, we perform
and the nominal wind production must be within its upper arf€nsitivity analysis of the proposed formulation in terrhthe
lower wind dispatches: objective weight and uncertainty range. Finally, we comapar

o the performance of the proposed approach with the tradition
Wyy Swp < Wy Vb, L. (29)  deterministic and stochastic approaches.
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Table I: EENSITIVITY OF OBJECTIVEWEIGHT «

1600

—ﬁ:ﬁ.::{n Scheduling Validation: 5-min Economic Dispatch
1400L 7~ - ’;"é’;'r’]‘;fgs l «a Hourly Dispatch Costs [k$] Violations
UC [k$] # SU || Average  Std Worst| # Sc # Tot MWh
s 0 [ 52026 14 [[ 771.115 14351 8144y1 2 2 0.038
£ 1200 0.1| 51.986 14 || 770.823 14.365 814.2P3 2 2 0.038
g 0.2| 51.949 14 || 770.970 14.348 814087 2 2 0.048
8 1000l 0.3| 51.986 14 || 770.806 14.364 814.206 2 2 0.038
g 0.4| 51.961 14 || 770.928 14.392 8142p1 2 2 0.038
g 05| 51.351 13 || 771.642 14.361 814657 2 2 0.038
-’§5 800 0.6 | 51.259 13 771.822 14.408 815.0B7 O 0 0.000
0.7| 50.446 14 || 772.659 14.325 8156D2 1 1  0.004
cool 0.8 | 50.623 14 772.657 14.378 816.045 5 5 0.108
09| 50.435 14 || 772.725 14.327 815951 5 5 0.108
1.0| 49.824 13| 773.503 14.355 816718 5 5 0.108
4000 5 10 1‘5 20

time [h]

Fig. 4: Representation of wind uncertainty over time, stesaand bounds of these costs (Std), represented by the standard deviation
dispatch costs, which indicates the reliability of the +iale

A. Evaluating Approach dispatch operation under the UC decision; 5) the dispatsh co
The uncertainty model: we use latin hypercube samplir®j the worst-case scenario (Worst), indicates how robust th

(LHS) to generate scenarios for the uncertain wind prodacti UC decision is against the worst-case scenario (from the 200

We assume that the wind production follows a multivariateut-of-sample scenarios); 6) number of scenarios where the

normal distribution with predicted valu&’ and volatility were violations in either demand-balance or transmission-

matrix . The idea in applying LHS is to optimally distributelimits constraints (# Sc); 7) total number of these violasio

the samples to explore the whole area in the experimenfél Tot); and 8) total accumulated energy that could not be

region, avoiding the creation of scenarios that are toolaimiaccommodated, demand-balance violations (MWh). The last

(clusters) 15]. three aspects also indicate how robust the UC decision is
To compare the performance of the different UC approach@gainst different wind scenarios.

we make a clear difference between the scheduling stage and

the validation stage. The computational experiments @wceB. Sensitivity Analysis

as follows. 1) Changes of Objective Weight We test the performance

1) Scheduling stage: solve the different UC models ang the proposed approach under differenand the results are
obtain the hourly commitment solutions, using 20 windhown in Tabld. Notice that the performance does not change
scenarios for each of the three wind units. Fgshows considerably. The maximum values of the Average, Std and
the aggregated wind production of these wind scenariagorst-case dispatch cost are 0.6% above the minimum values.

2) Out-of-sample validation stage: for each fixed UC solurhese small changes are because the model guaranteelfeasibi
tion, solve a 5-min economic dispatch problem repetify through a set of hard constraints; however, the resultg m
ively for a set of 200 new wind scenarios. Notice thathange considerably if we relax some constraints and intred
around the 20% of these out-of-sample scenarios f@'énalty-cost violations. Henceforth, we set= 0.1.
outside the uncertainty bounds shown in Fg. 2) Changes of Uncertainty RangeTable Il shows the

In the 5-min economic dispatch, we introduce penalty costssults in the scheduling and validation stage for differen
for the violation of some constraints to mimic the high costglues of the uncertainty range, from 0 to 100%. The 100%
due to corrective actions in real time operations. The ggnalncertainty range is defined by the bounds shown in Eig.
costs are set to 10000 and 5000 $/MWh for demand-balarared the 0% is equivalent to a deterministic UC using only
and transmission-limits violations, respectively, asgagied the nominal wind case. These ranges were equally changed
in [16] (similarly to [3], [4]). These penalty costs represento the power-capacity and ramp-capability ranges. It can be
the expensive real-time corrective actions that an ISO sieed clearly observed that the larger the considered unceytaint
take in the event that the actual system condition signifiganrange, the UC costs and number of startups increase because
deviates from the expected condition, such as dispatclaistg f the UC solutions become more conservative. Consequemdly, t
start units, voltage reduction or load shedding. dispatch costs and violations decreases.

We show the performance of the UC strategies in eight Through different uncertainty ranges, there is a significan
aspects, two related with the scheduling stage and six wittduction in the Average and Std dispatch costs. This signifi
the validation stage. These aspects, presented in Talles ant reduction is closely related to the violations reductad
Ill, are described ass follows. Scheduling stage: 1) the fixitsl associated costs, which represent the expensive entgrge
production costs described in SectitfD (UC [k$]), and 2) actions that the ISO has to take to maintain system relfgbili
the number of startups (# SU). These two aspects indicate théotice that the uncertainty range of 85% presents the lowest
commitment decisions that were needed by each approaclaverage dispatch costs. This indicates that the uncertainge
prepare the system to deal with the given wind uncertairgls. Vcan be slightly reduced without sacrificing the efficiencyl an
idation stage: 3) the average dispatch costs (Averagafates robustness of the UC solution. We can observe in the ranges
the economic efficiency of the UC decision; 4) the volatility85% and above) presenting few violations that considering
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Table II: SENSITIVITY OF UNCERTAINTY RANGE .
the smallest quantity of resources (reserves), becausadbf

SC:EdLI’"“Q Validation: 5'2"1 Economic Dispatch genously) optimize the quantity of reserves required based

% ourly Dispatch Costs [k$] Violations . . .

UCTe] #5U| Aerage  Sd Worst| #sc Frot wwn  the 20 scheduling scenarios. Somewhere in between, ResRPC
0 [ 46705 10 || 1067017 575205 5479411 103 1744 sesasss Can readjust the level of reserves using the wind curtaitmen
10 | 46.906 10 || 1018.959 505.127 5017.905 101 1492 4928511 flexibility, leading to lower FxdCost than DetRes; however,

20 | 46.725 10 || 966.994 461.833 4797.448 87 1259 3883.190 ResRPC tends to be overconservative, because it takes into
30 | 47.443 11 877.291 337.356 3905.236 53 759 2102.645 . . .
20 | 47941 12 || 825176 228394 3130061 31 308 1052421 @ccount the worst-case wind scenario, hence scheduling mor

50 | 47.973 12 || 795.862 134.644 2317292 16 145 460.961 resources (higher FxdCost) than StchOpt.

60 | 48.691 13 | 780.770 67.952 1617.704 11 77 165247  From the validation stage in Tabld, we can observe the
70 | 51.583 13 772.493 26.906 1039.311 6 39 43.814

80 | 51.442 13 770.863 14.830 831.475 4 12 3.647 fO"OWIngZ .
85| 51.930 14 || 770535 14522 814291 3 6  2.008 1) The Average and Std dispatch costs of StchOpt are
90 | 51911 141 770562 14.384 814089 2 2 0038 around 6% and 40% lower than DetRes, respectively.
95 | 51.934 14 770.740 14.382 814.246 2 2 0.038 . L
100| 51086 14| 770.823 14365 814293 2 2 0038 This clearly shows the_gdyantages of the stochastic
strategy over the deterministic one, as expected.
Table Ill: BETWEEN DIFFERENTUC POLICIES UNDER THE 200 QUT-OF- 2) Although DetRes committed the largest quantity of re-
SAMPLEWIND SCENARIOS - L .
sources, it is the least robust. This is mainly because
Scheduling Validation: 5-min Economic Dispatch the deterministic approach only models the network
Hourly Dispatch Costs [k$] Violations

UCTks] #SU[ Average St WorstT S F ot WWh constraints for_the nominal case and it cannot gua_lra_ntc_ee
mosrPCl Sioss 14l 70823 14365 siids 2 2 0038 that the committed reserves can be deployed. Thls is in
StchOpt| 54.765 12| 808.971 200.096 2903.841 28 259 611.473 contrast to ResRPC and StchOpt, where generating units
DetRes| 55.492 16 857.199 279.813 3254.877 55 611 1793.881 are committed taking into account that power must be
delivered to specific places in the network where the
uncertainty appears.
The Average dispatch cost of StchOpt is around 5%
higher than ResRPC, and the Std for StchOpt is more
than an order of magnitude higher (13.9 times). Sim-
ilarly, the total quantity of violations and the energy
unbalance of StchOpt is more than two (130 times)
and four (16k times) orders of magnitude higher than
C. Comparing the Proposed Approach with the Deterministic  ResRPC, respectively.
and Stochastic Approaches In short, the proposed approach ResRPC presents a better
The proposed UC formulation (ResRPC), which includesconomic-benefit and risk performance than the deterrtnist
ramp-capability and power-capacity reserves, is compaitd and stochastic approaches for this study case. Conseguentl
the traditional deterministic-reserve modelling (DetResd ResRPC offers more robust commitment decisions which lead
the stochastic (StchOpt) UC approaches. All three models ao a better system reliability.
based on the power-based UC proposedLiy. [ Although we use LHS to represent the space of scenarios
To obtain the commitment strategies of all UC approacheslequately, the performance of StchOpt may be improved by
we use the 20 wind scenarios shown in Fi§. as de- introducing a larger quantity of scenarios in the schedulin
scribed in the scheduled stage in SectlrA. We assume stage or by a better scenario sampling. To observe the per-
these scenarios to be the only information available for tfiermance of ResRPC and DetRes compared with a “perfect”
scheduling stage. Therefore, we use these data to descstmehastic approach, we carried out the economic dispatch
the different wind uncertainty representation requiredtioy validation using the same scenarios used by StchOpt in the
different UC approaches. The proposed approach ResR&eduling stage. Tablél shows the performance of the
uses the nominal wind production together with minimurdifferent UC approaches under the 20 scheduling scenarios.
and maximum bounds of power-capacity and ramp-capabili§or this case, StchOpt presented the lowest Average dispatc
which are obtained from this set of scenarios. The stoahastbst, around 0.3% lower than ResRPC, but the Std and the
approach StchOpt uses all 20 scenarios. Finally, the deteWforst-case are higher than ResRPC. Notice that StchOpt
inistic approach DetRes uses the nominal wind productigmesented constraint violations in two scenarios evenghou
and two hourly reserves, upwards and downwards which dhese scenarios were used in the scheduling stage. This is
defined as", (Wi —W,,) andy", (W, —We:), respectively. because the scheduling stage considers a simplified hourly
1) Reliability of Dispatch Operation:Table Il compares piece-wise linear approximation of the 5-min smooth power
the performance of the different UC approaches. From tpeofile of the set of scenarios shown in F#.
scheduling stage, we can observe that DetRes commits th@) Computational PerformanceTableV shows a compar-
largest quantity of resources, because this is the onlyoagpr ison of problem size and computational burden between the
that cannot readjust (optimize) the given level of resetwes different approaches. Notice that all three formulatioasenh
considering wind curtailment. That is, the reserve regnésts almost the same quantity of binary variables, but ResRPC
for the deterministic approach results in a larger quargity has around 2.2% more than the others. This is due to the
committed resources. On the other extreme, StchOpt comnmitedelling of the infimum function that ResRPC requires, see

lower uncertainty levels leads to better economic bendiit, b )
worse risk performance, which is represented by the standar
deviation of the dispatch cost. Using this information, agar
tradeoff can be made by decision makers.

Henceforth, we set the uncertainty range to 100%.
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Table IV: BETWEENDIFFERENTUC POLICIESUNDER THE20 SCHEDULING

WIND SCENARIOS APPENDIX

The ramp-up and -down constraints on the upper envelope,

5-min Economic Dispatch Simulation - i )
Dispatch Costs [K$] Violations A — B in Fig. 3, are ensured with
Average Std Worst | # Sc # Tot MWh n "
ResRPC| 770.863 12360 795588 1 1 0.002 (pgt +73) — (Pgt—1+ 75, 1) < RUy Vgt  (31)
StchOpt| 768.793 21.888 848.723 2 12 5729 - + + <
DetRes| 803.457 119.146 1263.6/8 3 36 71.670 (pgt + rgt) + (1097“1 + Tg-,tfl) < RDg Vg,t.  (32)

On the other hand,3@) is obtained by reorganizing the
Table V: PROBLEM SIZE AND COMPUTATIONAL BURDEN OF THE DIFFEr-  F@MP-up constraints given inl§) and (7), and @4) by

ENT APPROACHES reorganizing 16) and (7):
Problem Size [#] Computational Burden + .+ < R+ -
Constraints NONZ6m Continuous _ Binary CPU Nodes Tgt =Tgt—1 = Tg = RUg = pgt +pge-1 Vgt (33)
elements variables variables Time [s] explored —T g + Tyt—1 < Tot < RDg + Dgt — Dgt—1 Vg,t (34)
ResRPC| 36141 1074712 21096 6520 90.45 250
StchOpt| 225141 5600307 169776 ~ 6376  867.88 819 where these two constraints are equivalent3d) @nd @2),
DetRes| 18093 315424 11016 6376 8.75 29

respectively. Similarly, 15 and (L6) together with 18) guar-
antee the ramp-up and -down constraints on the lower engelop
scenarioC' — D in Fig. 3.

Sectionll-A.
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