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TABLE II
COMPARISON OF DISPATCH RESOLUTION (10% WIND PENETRATION)

System Resolution First stage Predicted Verification
(min) resources (MWh) value Mean Std. Dev. Confidence Interval p-value
10 2076.52 41409.59 41418.99 14.61 [41390.35, 41447.64] 1
Hourll;{'?)upling 20 2076.96 41213.12 41423.42 14.61 [41394.78, 41452.07] 0.8303
model 30 2074.08 41703.08 41765.22 31.70 [41703.08, 41827.35] < 0.0001
60 2031.84 40449.79 55454.27 358.05 [54843.49, 56247.04] < 0.0001
o 10 74258.8 29965989 | 29935161 30631 [29875123, 29995200] 1
HourIll;r::((’)]\?pling 20 74035.9 29839346 | 29943153 31635 [29881147, 30005160] 0.8559
model 30 73712.4 29741583 | 30027233 33473 [29961624, 30092841] 0.0425
60 73340.3 29688063 | 30189580 40474 [30110250, 30268909] < 0.0001
10 74371.2 13721268 13701596 21106 [13660228, 13742965] 1
Hlinois 20 74198.4 13596532 | 13726059 22744  [13681480, 13770639]  0.4302
Sub‘ho‘;gé;o”phng 30 74069.4 13543494 | 13745003 23557  [13702751, 13787255]  0.1501
60 74082.9 13522440 | 13907159 24177 [13859771, 13954547] < 0.0001
- s ESF formulation to solve the Illinois instance using hourly cou-
g o pling model reported in Table I, that linear program would have
B or Y & i + 7.2 million rows and 8.3 million columns.
E r S é é E 1 As one can surmise, the predicted values obtained by 2-SD
'";Z _52_ - + ? i ‘ : can also be significantly different from the verification CI. For
3 o0k Af ? + such cases, we would expect to run the 2-SD algorithm with
g—wo . - - . - - tighter stopping tolerance, so that thg algorithm woulq use a
larger number of samples, leading to improved gap estimates.
< . s However, this was not necessary for the instances encountered
?Z’ 100} . in this study.
2 sof & -+ - *
2 oo — % == = B g 1 B. Sensitivity to Dispatch Interval
% or ¥ + ¥ + ] To account for hourly coupling constraints and varying reso-
¥ jzz | 1 i 3 i i i ] lutions (#; = 10, 20, 30, and 60 min) in hourly coupling model, a
@ Intervals (10 minutes) common ¢z = 120 min is chosen for comparison in these exper-

Fig. 3. Adjustments with sub-hourly coupling model in Illinois system.

verification CI which allows us to conclude that the solutions
obtained are acceptable. Moreover, the verification column also
shows that the estimated mean for 2-SD solutions are uniformly
lower than the ones for ESF.

Fig. 3 shows the adjustments of slow-response conventional
generation in the sub-hourly coupling models. The recourse
computed using a large set of scenarios allows 2-SD to predict
solutions which require significantly lower adjustments at
sub-hourly intervals when compared to the deterministic ESF
approach, which is currently being used by operators. This is
indicated by the fact that the adjustment intervals for 2-SD are
completely enclosed within those for ESF (see Fig. 3).

Shifting our attention now to solution times for RTS96, note
that as the number of scenarios increase for ESF, it loses its com-
putational edge to 2-SD. This is, in fact, highlighted in the more
realistic instance for the state of [llinois where ESF takes almost
50 min to manage 5 scenarios. On the other hand, 2-SD offers
significant improvements in solution quality and computational
times. This makes 2-SD an attractive method for solving large
scale stochastic economic dispatch problems. Incidentally, the
reader may find it interesting to note that if one were to use an

iments. In these instances slow-response generation and intertie
decisions are held constant for a duration of £y = 60 min. The
sub-hourly coupling model uses ¢z of 60 min, over which only
intertie decisions are held constant, while the slow-response
generation decisions can be updated at £; = 10, 20, 30, and 60
min.

The two-stage stochastic programming instances at varying
dispatch intervals are solved using 2-SD. The solutions obtained
from these instances are verified using the same set of wind
scenarios. The prediction and verification results for all the in-
stances are summarized in Table II. These results indicate that
finer resolution dispatch instances lead to lower costs for both
hourly and sub-hourly coupling models. The coarser resolution
models underestimate the realistic costs as indicated by the pre-
dicted values in Table II. This is because, optimization in these
instances is carried out with mean ensembles.

Recall that the slow-response conventional generation levels
are fixed for ¢y = 60 min in the hourly coupling model, while
the variable generation data is available at varying intervals
(t; = 10,...,60 min). As the interval is decreased, the fine
timescale fluctuations in variable generation are clearly evident
during optimization and hence, in this model the first stage re-
acts cautiously by using more slow-response conventional gen-
eration and intertie resources as indicated in Table II. The need
to avoid infeasibilities due to lack of transmission capacity also
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TABLE III
WIND PENETRATION RESULTS WITH HOURLY COUPLING MODEL (10-MIN RESOLUTION, 70-MIN HORIZON)

. . Prediction Verification
System | Wind Penetration . .
Samples  First stage resources (MWh) Value Time (s) Mean Std. Dev. Confidence Interval
10 % 350 2076 40945.71 2.35 40962.68 13.44 [40936.34,40989.01]
RTS96 20 % 366 1970 40147.65 2.33 40168.25 24.61 [40120.02, 40216.47]
30 % 359 1901 39371.52 2.20 39513.22 117.76 [39282.40, 39744.03]
10 % 181 74090.5 22151783 768.47 22168750 22763 [22124133, 22213367]
Illinois 20 % 189 70940.0 38409069 746.21 38446352 50641 [38347094, 38545610]
30 % 171 67905.5 59381611 912.74 59307934 98733 [59114417,59501451]
10% Wind 20% Wind 30% Wind
B B B o - TABLE IV
= — ILLINOIS SYSTEM RESULTS WITH ADDED TRANSMISSION CAPACITY
800 i g
[ . Original Modified
600}~ 3 | L 2 Wind% Mean Conv.gen.(MWh) Mean Conv.gen.(MWh)
il | ! | 10 22168750 74090 9198967 70901
e | 20 38446352 70940 7254406 62973
g 200 5 , 30 59307934 67905 5285322 54970
=
e ‘ == s
8 ol } ! b Such observations have also been made in simulations studies
- i i ‘ ! l conducted by CAISO ([9], see I). Since 2-SD is a simulation-
T | ! — b based optimization algorithm, we suspect that it should also be
| | . . .
~600 - = == ! L able to predict circumstances that cause congestion even when
800l ; L the dispatch is optimized. In this section we undertake a study
ook = -~ | to assess the performance of 2-SD at different wind penetration

Sub-hourly Hourly Sub-hourly Hourly Sub-hourly Hourly

Fig. 4. Reserve utilization in Illinois System with Hourly Coupling Model.

contributes to this increase. In the sub-hourly coupling model,
although the slow-response conventional generation decisions
can be revised every ?; in an adaptive manner, they are limited
by their ramping capability. Hence, the first stage uses fine grain
data and increases the first stage resources.

Table II also lists the p-value, computed from the verification
data, associated with the null hypothesis: there is no difference
between the 10-min dispatch solution and solution from lower
resolution models. A p-value of less than 0.05, as seen for ex-
ample in all 60-min dispatch instances, allows us to reject the
null hypothesis at 95% significance level, and we can conclude
that their solutions result in statistically different verification re-
sults. On the other hand, the null hypothesis cannot be rejected
for 20-min dispatch instances, at 95% significance level.

Fig. 4 shows fast-response reserve utilization in Illinois
system when hourly and sub-hourly (10-min interval) res-
olution is used with hourly coupling model. The positive
and negative values indicate ramp up and down utilization
respectively. Recall that this model uses committed reserve
levels (r™in pmax) aq input, this is indicated by the outermost
whiskers. The horizontal red lines with notches represent the
median. The figure indicates that the reserve requirements in-
crease with an increase in wind penetration levels. Further, the
sub-hourly resolution models reduce reserve utilization for all
penetration levels when compared to hourly resolution models.

C. Wind Penetration Study

Thus far our computational experiments have demonstrated
that both sample studies and coarse grain optimization have a
potential to be misleading in their predictions (Table I, Table II).

levels on both RTS96 and Illinois networks.

Energy penetration for this study is measured as the ratio
of the amount of energy produced from the wind generation
to the total energy produced. The results for 10%, 20%, and
30% wind integration for both the test networks are provided
in Table III. These experiments were conducted on the hourly
coupling model with ¢z = 70 min, £; = 60 min, and ¢; = 10
min.

As expected, thermal generation is reduced as the availability
of wind is increased. For the RTS96 system congestion was
not encountered during 2-SD runs, and hence the net opera-
tional cost decreases when the penetration levels are increased
(Table III). On the other hand, the initial experiments with the
Illinois system identifies a small area of the network that needs
congestion relief. In this area, increased penetration led to gen-
eration curtailment which in turn increased the overall operating
cost of the system (Table III). Such identification of congestion
is due to the combination of optimization and simulation within
2-SD.

Prompted by the specific areas of congestion we introduce
additional capacity on a few links which alleviates such con-
gestion. Table IV compares the verification results of the orig-
inal Illinois system with the modified network. With additional
transmission capacity the results indicate that the operational
cost decreases with increased penetration. The reserve require-
ments also increase with the penetration levels due to increased
volatility as shown in Fig. 4.

The 2-SD framework does not rely on a-priori sampling or
knowledge of explicitly provided probability distribution. The
algorithm learns the stochastic process in an online manner, and
as a result, the number of samples necessary during the runs
might vary (see Tables II and III). Table III also highlights the
computational performance of 2-SD in instances with higher
variability resulting from increased wind penetration. Moreover
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for congested networks, like the Illinois system at 30% pene-
tration, a deterministic approach will choose a solution which
can ensure feasibility only with respect to the sample(s) used to
build the model. As a result, the system is much more prone to
higher variability of reserves. On the other hand, 2-SD chooses
first-stage solution which ensures feasibility across all the sam-
ples encountered during optimization. As before, the predicted
value falls within the verification confidence interval, and hence
2-SD provides good quality solutions even in the presence of
high variability.

IV. CONCLUSION

In this paper, we presented a stochastic economic dispatch
framework which allows control of slow-response energy
resources and intertie decisions at a coarse timescale, and
renewable generation along with other dispatch related deci-
sions at a fine timescale. To the best of our knowledge, this
is the first study to incorporate sub-hourly economic dispatch
within a stochastic optimization model. We presented two
dispatch models which represent alternate operating practices
used by power system operators. The results comparing these
models at different resolutions illustrated the improvements
that can be achieved by sub-hourly dispatch. The improvement
in terms of the overall operational cost was due to effective
utilization of sub-hourly information in deciding the first stage
slow-response generation and intertie levels. The results at
various wind integration levels showed reduction in operating
reserve usage under sub-hourly dispatch. We also presented
a stochastic programming approach, using 2-SD algorithm,
to solve these large problems. The results demonstrated the
scalability of 2-SD and showed that, when compared with
extensive scenario formulation, 2-SD provided verifiably better
solutions in far less time. Finally, the 2-SD algorithm was
hooked with an external simulator which provided outputs for
wind generation. Application of 2-SD algorithm over a rolling
horizon, capturing economic dispatch over multiple hours, is
currently being studied, and will be reported in the future. We
will also investigate the role of storage devices in mitigating
the challenges of renewable integration as part of our future
research.

APPENDIX
EcoNoMIC DISPATCH FORMULATION

A. Notation

We will use n = 0 to denote the first stage decision epoch.
With ¢z denoting the model horizon and ¢; the sub-hourly in-
terval, N = tg /t; is the number of sub-hourly decision epochs.
N = (1,...,N) will denote these fine timescale decision
epochs. The set of buses, links, demand and intertie nodes are
denoted as B, £, D, and T, respectively. The set G constitutes
the slow-response conventional generators, while the set of
wind generators and fast-response reserves are denoted as W
and R, respectively. The subscript ¢ represents a subset of the
respective set at bus-i.

The first stage variable 2 consists of intertie decisions 7;Vi €
7 and slow response conventional generation levels Gy;Vi €
G. The corresponding production costs are denoted as ¢ and
cJ", respectively.

Second stage variable y includes (Vn € N) the line-(z, 5)
utilization p,;; and bus-i angle 8,,;. Additional resources are
available through committed fast-response reserves which are
used to match energy imbalance resulting from stochastic real-
izations. These resources are limited by their availability, which
is proportional to wind penetration, and is assumed to be known
from prior unit/reserve commitment. These resources can pro-
vide both ramp-up and ramp-down capabilities and we will use
r; to denote utilization of these resources. Beyond this limit,
the load can be curtailed by !5 and the value of lost load is set
at Vi € L (set to $2000 in the computational study). Due
to network constraints it is possible for generation at any par-
ticular node to be left unused. This generation can be ramped
down only by a certain amount dictated by the physical ramping
constraints. Generation beyond this limit is curtailed, which is
denoted as 777, and penalized by including a shedding penalty
d?® at generation side (VG). Finally, we treat wind generation
as a must-take resource [33, Section III], provided there are suf-
ficient reserves and no transmission issues in the system. To
ensure this we impose a penalty d;”® on wind curtailment r,°.
These are also included as second stage decisions. For our com-
putational study we have set these generation shedding penalty
to $500 (a value greater than the highest production cost). Alter-
nately, market based settlement costs/opportunity costs can be
used for these curtailment penalties.

The hourly coupling model also includes the intertie deci-
sions and slow-response generation levels for next hour which
are denoted as T,7Vi € T and G, Vi € G, respectively. The in-
elastic load is denoted by D; for the current hour and D; for the
next hour. The sub-hourly coupling model, on the other hand,
has conventional generation revisions G',; Vi € G andVn € N,

B. Objective

For the hourly coupling model, the total cost comprises of
the current intertie and conventional generation cost, and the
expected value of recourse function. This recourse function in-
cludes the cost of generation for next hour and the penalty cost
associated with wind, thermal and load curtailment:

Z C;.ie,Ti + Z c?enGOi + IE{ Z Cgiej—vi-i- + Z CfenG(_):‘i‘

iET i€g iET i€g
9598 Is. 1
Z (Z di Ty + Z d;°ry; + Z d?ﬁfﬁ) } (3)
neN Nieg i€D 1EW

For sub-hourly coupling model, the intertie and generation for
next hour are not considered in the above function. However,
the conventional generation revisions G,; are included at sub-
hourly time intervals. For n > 1, the function is given by

Z cgieTi + % Z C;‘qenGOi + [E{% Z C;qenGm_’_

eT 1€G 1€g
s 1
S (S et S e )b o)
ncN Nieg i€eD iEW
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When n = 1, there are no sub-hourly revisions, and hence the
term G,,; is not included in (9). The objective is to minimize
this cost subject to the constraints presented as follows.

C. Hourly Constraints

These constraints are associated with slow-response genera-
tors.
a) Generation capacity:

GP™ < Gy; < G,
G < GF <GP VWicg.

(10)
(11)
G™in and G'P3* are the minimum and maximum genera-

tion capacity of generator units indexed by .
b) Ramping constraints:

AG?ﬂn S GO‘i o Gﬁnit S AG?I&X’ (12)
AGT™ <Gf —Gou <AGP™ Vied.  (13)

AG™® and AG™2* represent the down and up-ramping

limits of generator units. Recall that the initial dispatch

levels { G} are known inputs to our models.
Constraints (10) and (12) appear as first stage constraints in (1a)
for both the hourly and sub-hourly coupling models, while con-
straints (11) and (13) are bundled into second stage constraints
(1b) only for the hourly coupling model. Note that these hourly
constraints are not considered for aggregation.

D. Sub-Hourly Constraints

The sub-hourly constraints are functions of both first and
second stage variables. There will be one set of constraints,
{F(x, Yn,wn) tnen, associated with each realization w of the
random variable &.

a) Power flow equation: If n belongs to current hour

Z Pnji — Z Pnij — Z T‘Z;—F

Ji(ja)eL j:(i,5)ec J€G;
5 st 3 (o )+ 3 Gy -
JER; JEW; Jj€G;
> (Dj—rly) VieB. (14)
Jj€D;

The power flow equations ensure that the supply meets
the demand at every bus in the network. The next hour
power flow equations for the hourly coupling model are
obtained by replacing Gg; with GS} and D; with Dj+.
Since sub-hourly coupling model allows for revision of
conventional generation decisions at sub-hourly intervals,
we will use G,; in the place of the static Gy, in the above
power flow equation.
b) Line flow equation:
pais = 2 (B~ 0g) V) ELMEN.  (15)
ij
Here V;'s are the bus voltages and X;; is line reactance.
The real power transmitted on any line and power loss
on it are non-linear functions of the difference between
the angles at the buses connected by the line. Second-

order approximations are used to linearize these functions
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which make it suitable to be used with standard linear op-
timization methods. The power flow losses in the network
are ignored in this formulation and only the line power
flows are considered. [34] provides the details on this lin-
earization of network constraints.

¢) Reserve limits: Sub-hourly energy imbalance can be ad-
dressed using fast-response reserves which are limited by
their availability:

pmin < <P Vi e RopeN. (16)
The limits 7™ and r22* are available through reserve

commitments, and are inputs to our models.

d) Sub-hourly revisions: The sub-hourly coupling model al-
lows for sub-hourly revision of conventional generation
which are limited by ramp rates of these generators. For
n=20...,N—1

AG;nm(N) S Gn+1i - Gni S AG;naX(N)’VQ € g (17)

The ramping limits are dependent on #;, and hence we
denote them as functions of N.

e) Bounds: The bounds on the second stage variables are
enforced due to the physical constraints on the network.
(p?;“, pi;™*) set the limits on the line capacities and
(63, 9:22) are the limits on the bus angles. The curtail-
ment variables are limited by the amount of generation

and load. Foralln € NV

PE™ <puiy < PR (i,)) € L, (18a)
Omir <6, <O B, (18b)
0<r? <Gn i€g, (18¢)
0<rls <D, ieD, (18d)
0<r¥s <wn i€W. (18¢)

For the hourly coupling model, the upper bound in (18c)
is replaced by G; for alln € N.
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