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Abstract— Green manufacturing increasingly requires pro-
duction systems to balance operational performance with en-
ergy efficiency and cost-effectiveness. This paper addresses
an energy-aware flexible flow shop scheduling problem in
which a factory operates under a time-of-use electricity tariff,
participates in a demand response reward program, exploits on-
site photovoltaic generation, battery energy storage, and applies
an on/off machine strategy to reduce idle power consumption.
Two objectives are optimized in lexicographic order: makespan
as the primary criterion and net energy cost, electricity ex-
penditure minus demand response rewards collected, as the
secondary one. A Genetic Algorithm is proposed, combining
an order-crossover permutation encoding, an earliest-finish-
time decoder, and an energy management heuristic. Results
show that the approach produces compact, energy-efficient
schedules, while a sensitivity analysis highlights the strong
impact of demand response incentives on reducing net energy
costs without affecting production throughput.

I. INTRODUCTION

The industrial sector is responsible for approximately 37%
of global energy consumption [1], yet in many countries
renewable sources still account for a small fraction of that
total. Against the backdrop of Industry 5.0, which places
sustainability at the heart of manufacturing [2], integrat-
ing energy criteria into production planning has become a
pressing challenge. Industrial facilities increasingly combine
on-site photovoltaic (PV) generation with Battery Energy
Storage Systems (BESS) to reduce their dependence on the
grid, while electricity network operators deploy Demand
Side Management (DSM) strategies, including Time-Of-
Use (TOU) tariffs and Demand Response (DR) incentive
programs, to smooth consumption peaks [3], [4]. Scheduling
decisions determine when and how much power is consumed
by production equipment; they therefore constitute a key
lever for reducing energy costs while preserving operational
performance.

Energy-aware scheduling has attracted sustained research
attention over the past two decades, with contributions or-
ganized around two complementary axes: Energy Efficiency
(EE) and Energy Flexibility (EF).

EE strategies aim to reduce the power consumed during
production without degrading throughput. The most studied
approach is Variable Machine Speed (VMS), where process-
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ing time and power draw are coupled through a speed vari-
able. Mansouri et al. [5] studied the makespan-energy trade-
off in a two-machine flow shop with sequence-dependent
setup times, proposing a multi-objective MILP solved via e-
constraint. Oztop et al. [6] extended this to a Flexible Flow
Shop (FFS) and benchmarked seven bi-objective metaheuris-
tics against MILP and Constraint Programming (CP) models.
Wei et al. [7] addressed a flexible job shop with VMS and an
NSGA-II approach to jointly minimize makespan and total
energy consumption. A complementary EE lever is the on/off
machine strategy, which switches machines off during inter-
job gaps when idling cost exceeds the restart cost. Mouzon
et al. [8] pioneered this approach on a single machine,
demonstrating that significant energy savings are achievable
by powering down under-utilised equipment. Ham et al. [9]
extended it to a flexible job shop, comparing MILP and CP
formulations. Shrouf et al. [10] combined on/off switching
with TOU pricing on a single machine and proposed a
genetic algorithm, providing an early bridge between EE and
EF.

Energy flexibility strategies shift or curtail load in response
to electricity price signals or DR programs. TOU pricing is
the most widely studied mechanism, as it closely mirrors
real industrial contracts and is straightforward to integrate
into scheduling models [4]. Ho et al. [11] derived optimality
conditions for a two-machine permutation flow shop under
TOU and proposed a Benders-decomposition MILP. Zhang
et al. [12] minimized COy emissions and Total Electricity
Cost (TEC) simultaneously in a flow shop under TOU with
on/off machines. Park and Ham [13] addressed makespan
and TEC minimization in a flexible job shop under TOU,
comparing MILP and CP on benchmark instances of varying
sizes. Biel et al. [14] incorporated stochastic wind generation
into a flow shop and used a two-stage stochastic program
to jointly minimize weighted completion times and TEC.
Several works additionally integrate on-site renewables and
storage. Zhang et al. [15] considered a grid-connected FFS
factory with on-site PV and BESS, minimizing TEC while
accounting for buffer constraints and machine maintenance.
Moon and Park [16] combined renewable sources, BESS,
and TOU pricing in a flexible job shop, minimizing total
production cost including overtime penalties linked to the
makespan. Subramanyam et al. [17] used two-stage stochas-
tic programming to jointly size renewables and BESS for a
FFS factory subject to annual throughput requirements.

Combined EE and EF approaches are comparatively rarer
but increasingly recognized as essential for realistic industrial
models. Luo et al. [18] jointly optimized TOU electricity cost



and machine efficiency via VMS in a FFS, proposing an
ant colony metaheuristic. Schulz et al. [19] minimized total
tardiness and TEC in a FFS with VMS and TOU, comparing
time-indexed and sequence-based MILP formulations. Zhai
et al. [20] combined on-site wind generation, real-time
pricing, and on/off switching in a flow shop MILP.

Despite this growing body of work, no existing study si-
multaneously integrates TOU pricing, a DR demand-bidding
reward program, on-site PV generation, BESS, and an on/off
machine strategy within a FFS environment. Furthermore,
most studies developed exact methods, which are limited to
small instances, while existing metaheuristics do not jointly
manage the full energy system but rather focus on scheduling
optimization alone including an EE strategy.

This paper addresses a FFS machine environment where
jobs are processed sequentially through multiple stages each
equipped with parallel machines. Two objectives are op-
timized in lexicographic order: makespan as the primary
criterion and net energy cost as the secondary one, ensuring
that production throughput remains the foremost priority for
factory operations. The main contributions of this work are:

o An energy-aware FFS problem integrating TOU pricing,
a DR reward program, on-site PV, a BESS, and an on/off
machine strategy.

« A GA with an embedded energy management heuristic
that jointly coordinates scheduling, battery operation,
and DR participation.

« A sensitivity analysis assessing the impact of key energy
and operational parameters on schedule performance
and net energy cost.

The remainder of this paper is organized as follows. Sec-
tion II formally describes the problem. Section III presents
the proposed GA and energy management heuristic. Sec-
tion IV illustrates the approach on a representative instance,
and Section V reports a sensitivity analysis on the key
energy-market parameters. Finally, Section VI concludes and
outlines future work.

II. PROBLEM DESCRIPTION

A. Production System

We consider an energy-aware FFS scheduling problem.
The process consists of ns sequential production stages,
indexed by S = {1,2,...,ns}. Each stage s € S contains
mg > 1 parallel machines, so the total number of machines
is M = " ms A set of N independent jobs J =
{1,..., N} must each be processed through all the stages in
the same order. Each job visits exactly one machine per stage,
the machine is selected at scheduling time. Once started,
an operation cannot be interrupted (no preemption). A job
may not begin its operation at stage s + 1 before it has
completed stage s (precedence constraint), and each machine
can process at most one job at a time (capacity constraint).

Table I summarizes the main symbols used throughout the

paper.

TABLE I
NOTATION SUMMARY

Definition Acronym  Definition

ns, N, M Number of stages, jobs, machines PV Photovoltaic
ST Ms Set of jobs: set of stages; set of machines at stage s BESS Battery Energy Storage Systems
ms Number of parallel machines at stage s DSM Demand Side Management
Pik,s Processing time of job j on machine k at stage s TOU Time-Of-Use
ks Active power of job j on machine k at stage s (kW) DR Demand Response
Pt Idle power of machine k at stage s (kW) EE Energy Efficiency
”, Turn-on power for machine k at stage s (kW) EF Energy Flexibility
L Turn-on duration for job j on machine  at stage s VMS  Variable Machine Speed
Ty Length of scheduling horizon (slots) FFS Flexbile Flow Shop
PV PV generation at slot ¢ (kW) MILP  Mixed-Integer Linear Programming
Cy, Le, Lg Battery capacity, charge/discharge limits (kW) CcpP Constraint Programming
e 1d Charging / discharging efficiency TEC Total Electricity Cost
At Electricity tariff at slot ¢ ($/kWh) GA Genetic Algorithm
ol DR contractual baseline at slot ¢ (kW) EFT Earliest Finish Time
IR Minimum load reduction for DR reward (kW)
pe DR reward rate at slot ¢ ($/kWh)
PE, PE, PP Grid, charge, discharge power at slot ¢
Crmax, f2 Makespan; net energy cost

B. Machine Energy States

Beyond processing, each machine operates in one of three
energy states at any time slot, each carrying a distinct power
draw:

o Processing: while executing job j, machine £ at stage
s consumes a job-dependent active power e; 1 s (KW).

o Idle: when machine k at stage s stays on between
consecutive jobs, it consumes standby power pi,;“g.

o Turn-on: if a machine %k at stage s is switched off
between jobs, it requires a warm-up phase of duration
7). at power py" before the next job j can start.

The controller selects between idling and turning off by

comparing the two energy costs over the gap between

consecutive operations.

The aggregate power demand d; of the factory at each time
slot ¢ is the sum of all active, idle, and turn-on powers across
all machines.

C. On-Site Energy System

The factory is equipped with an on-site energy system
composed of three elements:

« Photovoltaic (PV): delivers a time-varying generation
profile PV, (kW) over the scheduling horizon. PV
energy is used to cover machine demand first, before
any grid or battery resource is solicited.

« Battery energy storage: a storage unit of capacity Cj,
(kWh) with a maximum charge rate L. and discharge
rate L, (both in kW), and round-trip efficiencies 7.
(charging) and 74 (discharging). The battery absorbs PV
surplus or off-peak grid energy, and releases it during
high-tariff periods.

e Grid connection: the factory can import electricity
from the grid at any time. The electricity tariff \;
follows a TOU structure with three price levels: off-
peak, mid-peak, and on-peak. Grid power drawn at slot
t is denoted P& (kW).

D. Demand Response Incentive

The factory participates in a DR program. At each time
slot ¢t in which a reward signal p; > 0 is broadcast, the
factory receives a financial reward if its grid consumption P&



falls below a contractual baseline C by at least a threshold
LR (kW). The reward collected at slot ¢ is:

R (Ce—PF) py if py>0and Cy — PF > LR,
7o otherwise.
ey
This mechanism incentivizes the factory to shift flexible
loads (machine operations, battery charging) away from peak
demand events.

E. Objectives and Optimization Criterion

The problem involves two objectives:

e f1 - Makespan: Cy,,x = max;ey C;, where C; is the
completion time of job j at stage n;. Minimizing Cyyax
reflects the production throughput requirement.

o f2 - Net energy cost: fo = >, (AP — R;). Minimiz-
ing fo captures both electricity bill reduction and DR
reward maximization.

The two objectives are optimized in lexicographic order:
production efficiency (makespan) takes strict priority over
energy cost. A solution a is considered better than b if
fi(a) < fi(b), orif fi(a) = fi(b) and fa(a) < fa(b).
This ordering reflects an industrial context where delivery
deadlines are non-negotiable, and energy savings are pursued
only when they do not jeopardize throughput.

III. PROPOSED METHODOLOGY
A. Solution Representation and Decoding

A solution is encoded as a permutation ®™ =
(m1,7a,...,mn) of the N job indices, shared across all
stages. Given , the schedule is built by a greedy earliest-
finish-time (EFT) decoder that processes jobs in the order
prescribed by 7 at each stage independently. For each job
j = m; at stage s, the decoder selects the eligible machine
k* that minimizes the job’s completion time:

kE* = arg krél/l\ﬂls (max(rj, ak) —I—pj7k7s>, 2)

where r; is the earliest availability time of job j (equal to its
completion time at stage s — 1), and ay, is the time at which
machine k becomes available. If no eligible machine exists
for a given job, the solution is deemed infeasible.

B. Energy Management Heuristic

Once the schedule is fixed, the gross power demand d;
(kW) at each time slot ¢ is computed by aggregating the
processing, idle, and turn-on powers of all machines accord-
ing to their assigned intervals. Between two consecutive jobs
on the same machine, the controller compares the cost of
keeping the machine idle (power p'¥®) versus switching it
off and paying the turn-on cost for the next job; the cheaper
option is selected.

Available PV generation is applied first: the net demand
forwarded to the battery/grid layer is di' = max(0, d; —
PV,). The battery is then managed by a rule-based heuris-
tic (charge_discharge) that partitions the active horizon
[0, [Cimax|] into time periods derived from the TOU tariff
structure:

o Off-peak (A\y = Anin): charge the battery from the
grid up to the amount needed to serve upcoming peak
demand, using any PV surplus first.

o Peak (A\y = Amax): discharge the battery to reduce grid
imports, subject to limits Ly and 7.

o Mid-peak periods: cautious discharge before the second
peak block; PV surplus is stored whenever possible.

At each slot ¢, the battery state of charge B;, charging power
Ptc, discharging power PP, and grid power PtG satisfy:

B, =B, +PF - PP, 3)
0<PY <L, 0<B, <Gy, 4)
pé — rnax(O, et 4 I ndPtD). )

After computing PC for all time slots, the net cost fo is
evaluated accounting for DR rewards (see Section II). All
variables are set to zero beyond the active horizon [Clyax |
to avoid spurious costs from unoccupied time slots.

C. Genetic Algorithm

The GA operates on a population of |P| permutation
chromosomes. Each chromosome is evaluated by the EFT de-
coder followed by the energy management heuristic, yielding
a fitness tuple (f1, f2). Chromosomes are compared using the
lexicographic dominance relation defined in Section II.

Initialization: The initial population is generated by
drawing |P| independent uniform random permutations of
{1,...,N}.

Selection: Binary tournament selection is used: two chro-
mosomes are drawn uniformly at random from the current
population and the lexicographically better one is retained as
a parent.

Crossover: Order Crossover (OX) is applied with proba-
bility p.. Given parents (1) and 7(?), two cut points [s, e)
are chosen at random; the segment 7(![s : ¢] is copied into
the child, and the remaining positions are filled in the relative
order they appear in w(?), skipping already-present jobs. If
no crossover occurs (probability 1 — p.), the first parent is
cloned.

Mutation: A swap mutation is applied with probability
Pm: two distinct positions ¢, and ¢5 are chosen uniformly at
random and their values are exchanged.

Replacement: Elitist generational replacement is used:
the best solution found so far is carried over to the next
generation without modification, and the remainder of the
new population is filled by the offspring described above.

The complete procedure is summarized in Algorithm 1.

D. Parameter Settings

The main parameters of the GA are as follows: the popula-
tion size |P| = 100, the number of generations G = 150, the
crossover probability p. = 0.6 and the mutation probability
Pm = 0.05.



Algorithm 1 Genetic Algorithm for Energy-Aware FFS

1: Input: instance data, |P|, G, pc, pm

2: Initialize population P with |P| random permutations
3: 7" <« argmingep (f1(m), f2(m))

4: for g =1to G do

5. Evaluate (f1(7), f2(m)) for all # € P

6:  Update 7" if a better solution is found

7 *

8

P« {n*} (elitism)
while |[P’| < |P| do

9: 7« TOURNAMENT(P)

10: 7@« TOURNAMENT(P)

11: if Uniform(0, 1) < p. then

12: Tenita < OX-CROSSOVER (V)| (%)

13: else

14: Tehild $— 7T(1)

15: end if

16: if Uniform(0, 1) < py, then

17: SWAPMUTATION (TTchila )

18: end if

19: P — P U {Wchild}

20:  end while

21 P« P

22: end for

23: return 7

IV. ILLUSTRATIVE EXAMPLE
A. Instance Description

To illustrate the behaviour of the proposed approach, we
consider an instance with the following configuration : three
stages where the first and third stages include three parallel
machines while the second stage includes two machines, a
total of M = 8 machines and N = 10 jobs. The scheduling
horizon spans T = 197 time slots. Table II summarizes the
key parameters of this instance.

TABLE I
ILLUSTRATIVE INSTANCE CONFIGURATION

Parameter Value | Parameter Value
Battery cap. Cj (kWh) 100 TOU structure Off/On-peak
Max charge rate L. (kW) 50 Off-peak tariff A\min 0.0101
Max discharge rate Lq (kW) 50 On-peak tariff Amax 0.0223
Charge eff. 1. 0.95 | TOU ratio r 2.2x
Discharge eff. nq4 0.95 DR baseline C; (kW) 119

The TOU tariff follows a two-level structure: an off-
peak rate of 0.0101 $/kWh, while an on-peak rate of
0.0223 $/kWh (approximately 2.2x higher). With 10 jobs
and only 2 machines at stage 2, the schedule is expected
to extend well into the peak window, making the battery
pre-charging strategy particularly relevant. A PV generation
profile is available throughout the horizon, with modest solar
output that partially offsets machine demand during mid-
horizon slots.

B. Obtained Schedule and Energy Profile

The GA (population size 100, 150 generations, 5 indepen-
dent runs) produces a best solution with a makespan of 55
time slots and a net energy cost of 3.7$. Figs. 1 and 2 show
the resulting Gantt chart and energy profile respectively. This
solution matches the optimal makespan obtained using the

v AN T En
i e > | & | » |l - |
- ] | s [ » |

o 10 20

30
Time (slots)

Fig. 1. Gantt chart for the illustrative example instance
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Fig. 2. Energy profile for the illustrative example instance

MILP approach [21], while a gap of 4.15 $ remains on the
TECR objective.

The Gantt chart reveals that all 10 jobs are dispatched
immediately to the three stage-1 machines (M1-M3), with
brief turn-on phases at the very start of the horizon. Stage 2
(M4-M5) is the binding bottleneck: with only 2 machines
serving 10 jobs, both machines operate continuously with
no idle gaps, and several jobs must queue before they can
proceed. This queuing effect extends the active horizon to
slot 55, well beyond the peak tariff window (slots 12-
35), and drives the bulk of energy demand into the high-
price period. At stage 3 (M6-M8), jobs are released as they
complete stage 2, spreading completion times toward the end
of the planning horizon. The last job to finish determines the
makespan.

Regarding the energy profile, the factory demand peaks
sharply during the first few slots as all 10 jobs simultaneously
enter stage 1, then decreases progressively as jobs complete
at different rates. The algorithm pre-charges the battery
during the off-peak window (slots 0-11) using cheap grid
energy (PC ~ 50 kW), building a state of charge that is
subsequently discharged during the peak window (slots 12-
35) to reduce grid imports. With 10 jobs active during the
peak period, the battery discharge alone cannot cover the full
demand, so a residual grid import at peak rate unavoidably
remains. PV generation contributes modestly throughout,
partially offsetting machine demand during mid-horizon slots
when jobs are still being processed at stages 2 and 3. Overall,
the algorithm successfully shifts the cost burden from peak
to off-peak slots, directly lowering fs.

The GA was evaluated on large-scale instances of 15,
20, and 30 jobs to analyze its robustness and stability. The



variation between the minimum, average, and maximum
makespan values remains small, with an average gap of
about 3 % for 15 jobs and nearly 4 % for 20 and 30 jobs,
indicating good stability despite the increasing problem size.
Meanwhile, the average execution time grows with instance
complexity, from about 24s for 15 jobs to 39s for 30 jobs.

V. SENSITIVITY ANALYSIS
A. Experimental Design

To assess the robustness of the proposed approach with
respect to energy-market parameters and machine operating
conditions, we perform three sensitivity experiments that
directly affect the trade-off between scheduling efficiency
and energy cost:

a. TOU price ratio r = Ay ax/Amin: varying from 1.5% to
5.0x (six levels). A higher ratio increases the financial
incentive to shift load away from peak slots.

b. DR reward scale o: a multiplier applied to the base
reward vector p;, varying from 0 (no DR program) to
3x (six levels), where the contractual baseline is set to
realistic values matching the illustrative example’s data
and the reward levels reflect personalized load-reduction
profiles across industrial consumers [22].

c. Machine power mode y = (p;,pe): a discrete
operating-mode parameter that jointly scales the per-
job processing time by a factor p, and the per-machine
energy consumption by a factor p., spanning six levels
from (1.5, 0.5) to (0.6, 1.8). The pair (1.0, 1.0) corre-
sponds to the baseline instance, while lower values of p;
(and correspondingly higher values of p.) reflect faster,
more energy-intensive operation, and higher values of
p¢ (with lower p.) reflect slower, more energy-efficient
operation.

The first two dimensions are evaluated jointly over a
6 X 6 = 36 parameter grid (Experiments a and b), while the
Experiment ¢ varies y independently with all other param-
eters fixed at their baseline values. For every configuration,
the GA is run 5 times independently and the best solution
is retained, yielding 180 executions for the joint grid and
30 additional executions for the power-mode experiment, for
a total of 210 GA runs. The same lexicographic objective
(makespan first, then net energy cost) is enforced throughout
all experiments.

B. Results and Discussion

Figure 3 presents a joint view of both objectives over
the full 6 x 6 grid (Experiments a and b), while Figure 4
illustrates the effect of the power mode u = (p:,p.) on
makespan and net energy cost (Experiment c).

The following findings emerge from the results:

Exp-a. TOU price ratio effect on energy cost. In the
absence of DR (o = 0), the net cost increases slightly with
the TOU ratio (from 1.7 at »r = 1.5 to 4.5 at r = 5.0).
Although a higher peak price should motivate greater battery
utilisation and therefore lower costs, the battery capacity
and discharge rate (C;, = 100 kWh, L; = 50 kW) are
insufficient to fully cover the peak-period demand of 10
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Fig. 3. Sensitivity heatmap over the 6 X 6 grid of TOU ratio X DR reward
scale. Left: net energy cost fo. Right: makespan Cmax.
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Fig. 4. Impact of the power mode i = (pt, pe) on makespan (left) and
net energy cost (right).

concurrent jobs, leaving a residual grid import at peak price
unavoidable. As the TOU ratio increases, this unavoidable
fraction becomes proportionally more expensive, overcoming
the marginal savings from battery discharge. When DR is
active (o > 0.5), the reward partially offsets this effect, and
the TOU ratio influence diminishes as « grows, showing
that DR participation mitigates exposure to volatile peak
electricity prices.

Exp-b. DR reward scale impact on energy cost. In-
creasing o from 0 to 3x drives the net energy cost from
approximately +4.5$ down to —55.4$ across all TOU config-
urations, a total swing of nearly 60 units. This occurs because
a strong reward signal incentivizes the energy management
heuristic to aggressively reduce grid imports below the
contractual baseline C; during every eligible slot, turning the
DR program from a marginal benefit into the primary source
of energy savings. This indicates that sufficiently attractive
DR incentives can transform energy flexibility into a direct
revenue source for manufacturers.

Exp-a and Exp-b. Makespan decoupling from energy
parameters. The makespan heatmap (Figure 3, right) is
nearly constant at Cy,,x = 57 across all 36 configurations. A
small number of cells achieve Cy,.x = 55 or 56, arising from
the stochastic nature of the GA rather than any systematic
energy-scheduling interaction. This confirms that the lexico-
graphic objective successfully shields production throughput
from energy-market variability : regardless of how the energy
system is optimized, the GA never delays a job to reduce the
energy cost, ensuring that energy-oriented decisions preserve
operational performance.

Exp-c. Power mode impact on schedule duration
and energy cost. Figure 4 shows the effect of varying
= (pt,pe) across six levels from (1.5, 0.5) to (0.6, 1.8).



Makespan reduces steadily from 82 to 35 slots as p;
decreases, whereas the net energy cost evolves inversely,
increasing from —5.71 $ to +6.67 $, a variation of more
than 12 $.

This inversion stems from two compounding effects.
Slower modes maintain lower per-slot power consumption,
keeping grid imports below the DR contractual baseline C
over a larger number of slots and thereby accumulating DR
rewards over a longer horizon, at (1.5, 0.5) and (1.3, 0.7).
This accumulation is sufficient to yield negative net costs,
effectively turning the facility into a net energy earner. Faster
modes, by contrast, concentrate demand into fewer slots at
higher instantaneous power (p. = 1.8), saturating the battery
and PV buffer and forcing unavoidable grid imports during
peak-price periods. The transition point occurs near the base-
line (1.0, 1.0), where a modest reduction in operating speed
to (1.1, 0.9) already brings the net cost down to +0.87$,
indicating a near-break-even point. These results demonstrate
that slowing down production extends the DR collection
horizon and reduces peak grid stress, highlighting a practical
trade-off between throughput and energy profitability.

VI. CONCLUSION

An energy-aware genetic algorithm was developed for
the flexible flow shop scheduling problem, integrating on-
site PV generation, battery storage, TOU pricing, and a
demand response reward program, with makespan and net
energy cost optimized in lexicographic order. Applied to a
10-job benchmark instance, the approach produces efficient
schedules where battery pre-charging during off-peak periods
measurably reduces peak-tariff grid imports. The sensitivity
analysis shows that the DR reward scale is the dominant cost
lever, while the makespan remains stable across all tested
configurations, confirming that the lexicographic design
effectively decouples production throughput from energy-
market variability. Furthermore, the power mode analysis re-
veals a clear trade-off between schedule duration and energy
revenue, where energy-efficient modes extend the demand
response horizon and can reduce the net energy cost, whereas
energy-intensive modes concentrate demand into fewer slots
and increase the net energy cost despite the shorter schedule
duration. Future work will extend the framework to dynamic
and predictive-reactive scheduling scenarios, and incorporate
uncertainty in PV generation forecasts.
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