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Abstract—This paper presents a rolling-horizon (RH) frame-
work for long-horizon unit commitment with storage and com-
panion certification method via time-decomposed Lagrangian
relaxation (LR). The approach proposes formulations that allow
for time decomposition: a counter-state minimum up/down-time
representation and a penalty-based state-of-charge neutrality that
preserves feasibility while enabling windowed solves. To obtain
certification, we dualize inter-window constraints and use Polyak
stepsize with dynamic level adjustment to maximize the resulting
dual problem. This results in valid lower bounds by weak duality.
On a large regional system and small test system, RH costs are
near monolithic solutions while runtime advantages increase with
horizon length, and RH–LR certification gaps are between the
2–4% range.

Index Terms—Lagrangian Relaxation, Rolling Horizon, Tem-
poral Decomposition, Unit Commitment.

I. INTRODUCTION

The unit commitment (UC) problem optimizes generation
schedules over hourly intervals to meet system demand at min-
imum operating cost [1]. Large-scale UC problems, especially
with long planning horizons, are computationally challenging
due to the large number of binary variables and the system-
wide coupling they must represent. The growing integration
of energy storage systems (ESSs) further adds complexity,
since intertemporal state-of-charge (SoC) constraints must be
accurately modeled.

UC decomposition is commonly used to improve tractabil-
ity. Spatial decompositions depend on breaking the system
network into smaller spatial zones. The authors in [2], [3] pre-
sented approaches for geographic decomposition of scheduling
problems. Similarly, the authors in [4] propose a spatial
decomposition algorithm for security-constrained UC that uses
the alternating direction method of multipliers to coordinate
subproblems and find the optimal solution.
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Temporal decompositions partition UC planning horizon
into smaller time windows. Augmented Lagrangian relaxations
(LRs) have been used to coordinate time windows by updating
dual variables to improve convergence [5]–[7]. The rolling
horizon (RH) heuristic can handle long horizons effectively
[8], [9], albeit without optimality guarantees. Additionally,
certification via classical subgradient schemes can lead to fluc-
tuations around the optimal solution and are highly sensitive
to the choice of step size. Many temporal approaches fail
to address ESS end-of-day energy neutrality in a way that
remains consistent across decomposed subproblems; recent
spatiotemporal methods emphasize representation of storage
dynamics but still do not account for additional coupling from
neutrality constraints [10].

The main contribution of this work is an implementable
RH-LR certification workflow for ISO-scale UC facilitated
by a decomposition-friendly UC formulation. Specifically, we
present (i) a counter-state representation of minimum up/down
time (MUT/MDT) that is particularly useful for temporal de-
composition, and (ii) a penalty-based SoC neutrality treatment
that is consistent across RH and LR subproblems. Using this
structure, time-decomposed LR is used to compute valid lower
bounds (LBs) that provide conservative, relative (tolerance-
dependent) certificates for the RH schedules via primal-dual
upper bound (UB)-LB gaps and we evaluate the Polyak
stepsize with dynamic level adjustment (PSADLA) [11] as
a reduced-tuning dual update on large UC instances.

The major contributions of this work are the following:

1) A heuristic RH algorithm with freeze/look-ahead windows
to efficiently solve long-horizon UC problems while pre-
serving feasibility.

2) Decomposition-ready intertemporal modeling via counter-
state MUT/MDT representation and an SoC-neutrality
penalty shared by RH and LR.

3) A time-decomposed LR construction (via interface-copy
equalities) solved in parallel across windows; while LR
is classical, its use to certify RH schedules is novel.

4) Evaluation of PSADLA for dual optimization as a low-
tuning alternative to standard subgradient stepsize rules.

II. METHODOLOGY

We model temporal coupling via boundary states at window
boundaries. RH advances through overlapping time windows
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with freeze/look-ahead, while LR uses non-overlapping win-
dows coordinated through dual multipliers.

A. Time Partitioning and Intertemporal Constraint Modeling

We adopt the network-constrained UC model in [1] and
partition the horizon, T = {1, 2, . . . , |T |}, into k subproblems,
each defined over its corresponding time window:

Tk = {τk, τk + 1, . . . , τk+1 − 1} k = 1, . . . ,K (1)

Where τk is the start index of window k and τk+1 is the
start index of the subsequent window. The single period shared
between consecutive windows k and k + 1 is denoted as the
‘interface’, and it is expressed as follows:

tint
k = τk+1 − 1 (2)

For each generator g ∈ G, and period t ∈ Tk, let
ug,t, vg,t, wg,t ∈ {0, 1} denote the commitment, startup and
shutdown status, and pg,t ≥ 0 the real power dispatch. Let
rUg,t, r

D
g,t ≥ 0 denote the remaining MUT/MDT obligations at

the end of period t. All intra-window constraints (power bal-
ance, ramping within Tk, generation limits, etc.) are enforced
and denoted compactly as xk ∈ Xk with local objective cTk xk.

Decomposing the horizon into time windows creates inter-
window coupling through ramping, storage balance and
MUT/MDT. While ramping and SoC dynamics couple only
adjacent periods, MUT/MDT can introduce multi-period de-
pendence. Thus, for completeness, we augment the referenced
formulation with MUT/MDT logic encoded via state counters,
yielding a compact interface state that limits ω , the maximum
number of consecutive time periods linked by an intertemporal
constraint, to 2. In contrast, standard MUT/MDT formulations
can couple decisions across up to max{TU

g , TD
g } periods,

where TU
g and TD

g , denote the minimum up/down times.
1) State Representation of MUT/MDT Constraints: This

counter-state representation of MUT/MDT is equivalent to
classical formulations but tailored for temporal decomposition
since it minimizes ω. To the best of our knowledge, an ex-
plicit counter-state representation for MUT/MDT for temporal
decomposition of UC has not been documented in literature.
Let T0 = {τk}Kk=1 denote the set of interfaces, and OU

g , O
D
g ,

denote number of time periods the unit must be on/off at the
start of the planning horizon, such that:

OU
g =

max{0, TU
g − Stg}, if Stg > 0,

0, otherwise.
(3)

where Stg represents the number of periods the unit has been
on (> 0) or off (< 0) at the start of period 1. OD

g is defined
analogously using Stg < 0 and TD

g . The following state-based
MUT constraints are employed:

rUg,t ≥ OU
g + TU

g vg,t − ug,t, ∀g ∈ G, ∀t ∈ T0, t = 1 (4)

rUg,t ≥ r̃Ug,t + TU
g vg,t − ug,t, ∀g ∈ G, ∀t ∈ T0, t ̸= 1 (5)

rUg,t ≥ rUg,t−1 + TU
g vg,t − ug,t, ∀g ∈ G, ∀t ∈ T0 (6)

rUg,t ≤ TU
g ug,t, ∀g ∈ G, ∀t ∈ T (7)

A symmetric set of constraints is used for the remaining
downtime state variable rDg,t, using wg,t and TD

g .
2) Modeling ESS State-of-Charge Constraints: ESS in-

troduce intertemporal coupling through SOC dynamics. For
storage units s ∈ S, the SoC evolves as:

SoCs,t = SoCs,t−1+ηc Cs,t−η−1
d Ds,t, ∀s ∈ S, t ∈ Tk (8)

where ηc, ηd denote the charge and discharge efficiency, and
Cs,t, Ds,t denotes the charging and discharging power. Addi-
tionally, ESS are subject to SoC limits, charging and discharg-
ing power limits, and the complimentary charge/discharge
constraint. An energy neutrality condition is enforced at the
end of each day for accurate ESS operation:

SoCs,τk+1
≥ SoCs,τk , ∀s ∈ S (9)

Since neutrality is enforced at fixed checkpoints, it is local
only when a window ends at such a checkpoint. We therefore
enforce a soft neutrality penalty for time-decomposed sub-
problems encouraging end-of-day SoC neutrality behavior that
is similar to the full-horizon model with proper window size
selection. The soft neutrality is implemented via a penalized
slack to avoid introducing additional inter-window coupling:

SFs ≥ SoCs,τk − SoCs,τk+1, ∀s ∈ S (10)

where SFs is the storage shortfall below the initial level. This
SoC-neutrality design allows both the RH and LR to operate
on identical formulation.

B. Rolling Horizon Heuristic
We refer the reader to Algorithm 1. We use a freeze/look-

ahead RH heuristic with fixed freeze F and look-ahead L
lengths, and define the window length W = F + L. At
iteration k, with current start time t0, we solve a UC sub-
problem over the window Tk = {t0, . . . , t0 +Hk − 1}, where
Hk = min{W, T − t0+1}. After solving, we commit (freeze)
decisions for the first Fk periods, where Fk ≤ min{F,Hk} is
chosen to ensure the final window begins at t⋆ = T −W + 1
and the horizon is covered without gaps; once t0 ≥ t⋆,
we freeze the full window (Fk = Hk). The boundary state
(generator and storage carryover variables) at t0+Fk−1 is then
passed to the next subproblem, and we advance t0 ← t0+Fk.

III. CERTIFYING THE ROLLING HORIZON HEURISTIC

This section presents the LR and subgradient methods used
to dualize time-coupling constraints, decouple UC temporally
in parallel subproblems, and certify RH solutions.

A. Parallelization via Boundary Variables
At each interface tint we introduce local proxy variables

in subproblem k+1 that represent the state of the system
at tint. We denote these copies with a tilde as follows:
ũg,tint , p̃g,tint , r̃Ug,tint , r̃

D
g,tint , S̃oCs,tint . These mirror their counter-

parts in window k, enforcing temporal consistency:

ug,tint = ũg,tint , pg,tint = p̃g,tint ,

rUg,tint = r̃Ug,tint , rDg,tint =r̃Dg,tint , SoCs,tint = S̃oCs,tint (11)
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Algorithm 1 RH Heuristic used in this work.

1: Set the input parameters H,F,L,W, T
2: Initialize: t0 ← 1, t∗ ← max(1, T −W + 1)
3: while t0 < T do
4: r ← T − t0 + 1
5: H ← min{W, r}
6: wo ← (t0 +W − 1 > T )
7: ws ← (t0 < t∗) ∧ (t0 +min(F,H) > t∗)
8: if t0 < t∗ ∧ (wo ∨ ws) then
9: Fk ← min{F,H, t∗ − t0}

10: else
11: Fk ← min{F,H}
12: end if
13: Build subproblems for t ∈ [t0, t0 +H − 1]
14: while solving the subproblem do
15: if t0 ≥ t∗ then
16: Ffreeze ← H
17: Freeze decisions for t ∈ [t0, t0 + Ffreeze − 1]
18: else
19: Ffreeze ← Fk

20: Freeze decisions for t ∈ [t0, t0 + Ffreeze − 1]
21: end if
22: end while
23: Compute new residuals at t0 + Ffreeze

24: Advance t0 ← t0 + Ffreeze

25: end while

Inside each window, the standard UC constraints are pre-
served. However, wherever the first period t = τk+1 references
t−1, we add auxiliary constraints using the copied variables to
the local feasible set Xk. For example, the first state transition
constraint in window k + 1 becomes:

ug,τk+1
− ũg,tint = vg,τk+1

− wg,τk+1
(12)

This reformulation keeps the logical structure of the original
problem provided interface equalities (11) hold while allowing
independent subproblem solves. With this method, we indi-
rectly dualize constraints that couple adjacent time windows.

B. Dual Problem

The original problem can be expressed as a minimization
over all subproblems linked through the interface equalities
(11). By dualizing these, we obtain the Lagrangian as follows:

Let I = {tint
k | k = 1, . . . ,K − 1}, and introduce dual

multipliers λu
g,t, λp

g,t, λup
g,t, λdown

g,t , λSoC
s,t for (11) at each

interface k = 1, . . . ,K − 1. The Lagrangian is defined as

L(x, x̃, λ) =
K∑

k=1

c⊤k xk +
∑
t∈I

∑
g∈G

[
λu
g,t (ug,t − ũg,t)+

λp
g,t (pg,t − p̃g,t) + λup

g,t (r
U
g,t − r̃Ug,t) + λdown

g,t (rDg,t − r̃Dg,t)
]
+∑

t∈I

∑
s∈S

λSoC
s,t (SoCs,t − S̃oCg,t) (13)

Given a fixed value λ̄, the Lagrangian decouples over
windows because, for t ∈ I, the objective and constraint terms
with ug,t, pg,t, r

U
g,t, r

D
g,t, SoCs,t belong to window k−1 while

the terms with tilde belong to window k. For a fixed λ̄, the
relaxed problem is expressed as follows:

f(λ̄) =
K∑

k=1

min
xk,x̃k∈Xk

Lk(xk, x̃k, λ̄) (14)

By weak duality theorem, f(λ̄) will provide a valid LB to
the original UC cost. Since the dual is concerned with finding
the best LB, its defined as:

v∗ = max
λ

f(λ) (15)

which is concave in λ but non smooth. Hence, (15) is solved
using the subgradient optimization in the following section.

C. Subgradient and certificates

The subgradient method iteratively updates the multipliers λ
based on mismatches at the subproblem interfaces. At iteration
m, non-overlapping sequential subproblems are solved in
parallel using the current multipliers λm and the resulting
interface residuals form the subgradient:

gm =


ug,tint − ũg,tint

pg,tint − p̃g,tint

rUg,tint − r̃Ug,tint

rDg,tint − r̃Dg,tint

SoCg,tint − S̃oCg,tint

 (16)

For dual maximization, multipliers are updated as:

λm+1 = λm + θmgm (17)

where θm is the step size at m, which is scaled and can be
tuned using parameter γ. We test the PSADLA [11] as update
rule for dual optimization. PSADLA uses information from the
current dual and level values to adapt the step size. The goal
is to evaluate the PSADLA convergence behavior. RH yields
a feasible UB zRH , which we use for optimality certification
and as the PSADLA level/Polyak UB parameter in the stepsize
computation. To obtain certified LR lower bounds under a
nonzero MIPGap, at iteration m we form:

f̂(λm) =
∑
w∈W

LBw(λ
m), (18)

where LBw(λ
m) denotes the solver-reported MIP objec-

tive lower bound for window subproblem w (e.g., Gurobi
ObjBound) solved with multipliers λm. We report

fbest = max
j≤m

f̂(λj), (19)

which is a valid (possibly conservative) lower bound on the
monolithic UC objective by weak duality. The resulting dual
values and associated primal-dual gaps are used as certificates
of solution quality for the RH UC schedules. The RH–LR de-
composition/certification is system and formulation agnostic:
it only requires a UC model and interface-copy equalities for
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TABLE I: RH performance vs. monolithic UC. Costs reported in M$. Cost diff. (%) = 100× zRH−zMono

zMono
.

Horizon (h)
Regional system RTS-GMLC system

RH Cost Mono Cost Cost diff. (%)∗ RH (s) Mono (s) RH Cost Mono Cost Cost diff. (%)∗ RH (s) Mono (s)
72 1154.6 1155.3 -0.06 55.1 65.93 2.1760 2.1685 0.34 9.8 7.7

168 2800.8 2798.3 0.08 133.2 303.35 4.4075 4.4064 0.02 21.1 82.4
336 5934.2 5941.3 -0.12 222.8 903.38 9.2411 9.2322 0.09 41.2 381.6

*Note: Both runs end at a set MIPGap, so RH may occasionally yield a slightly lower cost.

the chosen linking variables. Other UC variants are handled by
adding their constraints within each window and introducing
any additional boundary states (and multipliers) they create.

IV. RESULTS

A. Experimental Setup

Experiments were conducted on a regional transmission
system in North and South Carolina with 997 buses, 1221
lines, and 795 generators (392 thermal, 403 variable generation
sources), along with 5,100 MWh storage capacity and 920
MW discharge capability. We also perform tests on the RTS-
GMLC test system (73 buses, 120 lines, 73 thermal, 81
variable generation, and 1 ESS) [12]. Three hourly planning
horizons are considered, T ∈ {72, 168, 336}. All solves
use Gurobi 11.0 with 1% MIPGap; only LR subproblems
use a non-persistent solver interface. Lagrange multipliers
are initialized uniformly (across runs) using the fixed values
(35, 30, 40, 32, 25, 25) for (power generated, commitment, UT,
DT, charge, discharge).

B. Rolling Horizon Performance

We use RH as a fast alternative to monolithic UC: the
horizon is split into windows of F length with look-ahead L.
The resulting RH schedule is feasible by construction and is
evaluated in the monolithic problem to achieve a comparable
objective value zRH UB. Table I shows findings for a RH run
with a fixed window of 24 hours and a look-ahead of 12 hours
(F = 24 h, L = 12 h).

From Table I, the RH approach matches the monolithic
very closely, with absolute cost differences below 0.35%
across horizons and systems. For the regional system, runtimes
improved from about 1.2x faster at 72 h to about 4x faster
at 336. For RTS-GMLC, RH is a little slower at 72 hr, but
becomes 4x faster at 168 hr and 9x faster at 336 hr.

Table II summarizes the RH (F,L) sensitivity. Larger F
and/or L improves the accuracy of costs, possibly removing
boundary effects, but with higher runtimes as a result. The
chosen configuration offers a reasonable tradeoff between
accuracy and runtime across all horizons. Since RH schedules
are feasible by construction and evaluated in the monolithic
objective function, the reported UB reflects operating cost,
while the LR LB quantifies how far the implementable sched-
ule is from optimal.

To further evaluate temporal consistency, we analyze the
SoC across the planning horizon. The same operational con-
straints are enforced in both monolithic and RH models, with
a soft SoC-neutrality penalty ($5000 per MWh) applied at

TABLE II: RH sensitivity to freeze (F ) and look-ahead (L)
windows. F ∈ {6, 12, 24, 48}, L ∈ {6, 12, 24}.

System
Horizon Cost diff. (%) RH Runtime (s)

(h) min(F,L) max(F,L) min(F,L) max(F,L)

Regional 72 0.00(48,24) 1.51(6,12) 40.7(24,6) 89.2(12,24)
Regional 168 0.03(48,24) 1.61(12,24) 99.3(12,6) 205.7(6,24)
Regional 336 0.00(24,24) 1.59(12,24) 204.1(48,6) 470.4(6,24)

RTS-GMLC 72 0.03(24,6) 3.36(48,24) 6.0(48,12) 12.9(48,24)
RTS-GMLC 168 0.03(24,12) 1.7(48,6) 15.1(24,6) 38.6(6,24)
RTS-GMLC 336 0.09(24,12) 1.6(48,6) 31.5(24,6) 86.9(6,24)

the end of each fixed window for RH. Figure 1 compares
SoC for a (F = 24 h, L = 12 h) configuration, showing
smooth daily cycles of charging and discharging. The results
show close SoC profiles, confirming that the penalty-based
neutrality approach can keep intertemporal feasibility without
compromising economic performance.

0

200 ESS-1

50
100
150

ESS-2

0 20 40 60
Time (hr)

50

100 ESS-3

So
C 

(M
W

h)

Mono
RH

Fig. 1: SoC trajectories for the three most active storage units
(ranked by SoC swing in monolithic UC solution).

C. Lagrangian Relaxation Convergence Behavior

The convergence of the PSADLA method is shown in Figure
2, which plots the RH-LR certification gap over iterations for
T = 72 and LR window W = 24 for Polyak stepsizes γ ∈
{0.2, 0.4, 0.6}. The gap is calculated as 100×(UB−LB)/UB
where UB is the RH cost and LB is the running-best LR dual
bound. Across all settings, the running-best bound improves
fast in the first 10-15 iterations and then stabilizes near a
plateau, indicating diminishing returns from additional iter-
ations. Larger γ reduces the gap more aggressively early on,
while smaller γ yields slower improvement; by 30 iterations,
the achieved gaps are similar across γ values.
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Fig. 2: LR certificate gap vs iteration for T = 72 and W = 24
under Polyak stepsizes γ ∈ {0.2, 0.4, 0.6}.

D. Bounds and Optimality Gap
Table III summarizes RH UBs, the LR LBs, and the

resulting certification gaps after 30 dual iterations. For all cases
shown, the RH schedules are certified within a few percent of
optimality, with gaps ranging from 1.8-2.6% for the regional
system and 2.2-3.6% for RTS-GMLC under W = 24.

TABLE III: Solution certification via RH upper bounds and
LR lower bounds (1% MIPGap). Costs in M$.

System
Horizon

RH UB
24 h LR window 48 h LR window

(h) LR LB Gap (%) LR LB Gap (%)
Regional 72 1154.6 1133.7 1.80 1139.7 1.29
Regional 168 2800.8 2734.3 2.37 2746.8 1.93
Regional 336 5934.2 5777.7 2.63 5812.9 2.04

RTS-GMLC 72 2.1760 2.1278 2.21 2.1345 1.91
RTS-GMLC 168 4.4075 4.2691 3.14 4.3206 1.97
RTS-GMLC 336 9.2411 8.9088 3.59 9.0567 1.99

The length of the LR window is a key parameter. Increas-
ing the LR window from 24 to 48 makes the LB tighter
and reduces the certification gap. For RTS-GMLC, the gap
decreases from 2.21%, 3.14%, 3.60% (for increasing T ) to
1.91%, 1.97%, 1.99% respectively. The larger LR window also
reduces the horizon dependence: for W = 24, the gap grows
with T. For W = 48, it remains approximately constant around
2%. For the regional system, the runs show the same effect.

These trends are in line with the role of windowing in time-
decomposed LR: larger windows solve more intertemporal
structure within each subproblem and reduce the number of
interfaces being dualized which can lead to stronger bounds.
Finally, because LR subproblems are solved with nonzero
MIPGap, and we use solver-reported objective bounds, the
reported LBs are conservative certificates; the actual optimality
gap may be smaller.

Results indicate that the LR bounds are strong enough to
provide informative optimality certificates: the RH schedules
are, across horizons, within a few % optimal (2-4% depending
on the system). Since the bounds are formed from solver-
reported subproblem objective bounds under a nonzero fixed
MIPGap, the certificates are conservative, suggesting the true
optimality gap is likely smaller.

V. CONCLUSION

This paper presents a RH and LR framework for solving
long-horizon UC with storage. Decomposition-friendly mod-

eling - counter-state MUT/MDT treatment and soft neutrality -
allows windowed RH solves and parallel LR subproblems co-
ordinated through interface dual variables. On a large regional
system and RTS-GMLC, RH and monolithic costs are very
similar, with increasing runtime advantages at longer horizons.
Shorter runtimes enable more frequent re-optimization and
larger what-if studies (commonly used for planning), and the
obtained schedules are directly implementable, suggesting that
many long-horizon UC studies do not need to be solved
monolithically to obtain high quality solutions/schedules.

The LR provides quality certificates using PSADLA. Cer-
tificates are valid by weak duality; yet since both RH and
LR terminate at a nonzero MIPGap, the reported bounds may
be conservative. Consequently, the reported UB-LB gap is a
conservative certificate that depends on windowing choices,
system coupling and finite accuracy subproblem solves (can
be tightened with stricter MIPGap tolerances). A remaining
limitation is the lack of direct comparison to other certifica-
tion approaches. Future work will address these comparisons,
evaluate stress operating conditions and investigate tighter dual
algorithms.
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