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Explanation of Logical Sequence

The Price-Based Energy and Reserve Market Scheduling Model is implemented as a
computational optimization pipeline that begins by ingesting all necessary input parameters and
concludes with a complete market-driven scheduling solution. The program starts by loading
required input data including electricity prices, reserve prices, thermal generator parameters,
renewable availability, battery specifications, and demand response flexibility limits. These
inputs represent the external market signals and internal system constraints.

Next, decision variables are initialized to represent power generation, reserve provision, storage
charge/discharge, and demand response behaviors across the scheduling horizon. These variables
are initially free and then constrained during optimization. The model then applies energy
balance equations to ensure that generation and storage flows internally satisfy the flexible net
demand.

All technical constraints are subsequently applied, including generator ramp limits, minimum
generation levels, battery SOC constraints, and demand response invariants. Once feasibility
limits are imposed, the objective function is defined to maximize cumulative profit based on
electricity and reserve revenues minus fuel and operational costs.

This objective is solved through an optimization engine, often MILP (Mixed-Integer Linear
Programming), which iterates to find the mathematically optimal resource allocation. The final
step retrieves optimized schedules including the operating profile of thermal units, renewable
utilization, battery SOC trajectory, reserve offers, and total economic outcome. This output is
used for performance diagnostics and interpretation of market strategies.

Flowchart Structure

Start — Input Data — Initialize Variables — Compute Energy Balances — Apply Constraints —
Define Objective Function — Run Optimization Solver — Retrieve Optimal Results — End

Inputs

» Electricity market prices

* Reserve market prices

» Generator technical characteristics
* Renewable availability

» Battery operational parameters

» Demand response flexibility

Outputs

» Optimal generation scheduling
* Reserve capacity provision
* Renewable utilization & curtailment



» Battery charging & discharging
* Demand response adjustment
» Total profit & cost breakdown



Outcome 2: Value of Optimization and Binary Decision Modeling

Outcome 2 — Value of Optimization and Binary Decision Modeling

1. Introduction

This exercise investigates the value of binary decision modeling in a price-based energy and
reserve market scheduling context. The original formulation is a Mixed-Integer Linear
Programming (MILP) model that describes the operation of thermal generators, renewable
resources, demand response, and a battery energy storage system (ESS). The MILP includes both
continuous variables (power flows, state of charge, reserve levels) and binary variables (on/off
states, startup and shutdown events, operating modes).

To evaluate the effect of integer decisions, we relax all binary variables and obtain a pure
Linear Programming (LP) model. By comparing MILP and LP solutions under identical data
and solver settings, we can quantify how integrality affects profit, realism, and operational
flexibility.

2. Binary Variables in the Original MILP Model

In the MILP formulation, several key decision points are modeled as binary variables:

u ( ) €{0,1}: on/off status of thermal generator gat time ¢.

s ( )€{0,1}: startup indicator (unit gis started at time ¢).

* d,(t)e(0,1}: shutdown indicator (unit gis stopped at time ¢).
b, (t)e{0,1}: battery charging mode at time ¢.

b d:s( )€ {0,1}: battery discharging mode at time ¢.

These binary variables are linked to continuous variables by constraints such as:

 Generation limits:

P u (t)<P,(t)<P]™ u,(t)

g

» Startup/shutdown relations:

u,(t)-u,(t-1)=s,(t)-d,(t)

*  Mutually exclusive battery modes:
bch(t)_l—bdis(t)Sl

Together, these constraints force the model to respect discrete operational behavior: units are
either on or off, and the battery cannot charge and discharge in the same period.

3. LP Relaxation: Removing Binary Decisions



To construct the LP relaxation, all integer and binary variables are transformed into continuous
variables:

ug(t)’sg(t)’dg(t)’bch<t)’bdis(t) 6[0’1]
The same linear constraints remain in place, but they now allow fractional values. As a result:

» A thermal unit may operate at a “fractional commitment level”, e.g. u g(t)= 0.35.

» Startup and shutdown variables may take partial values, implying “0.4 of a start” or “0.6
of a shutdown”.

» The battery can charge and discharge simultaneously in fractional proportions if that
improves the objective.

Mathematically, the feasible region of the LP is a superset of the MILP feasible region, so the
LP can never give a worse objective value than the MILP.

4. Comparative Results: LP vs MILP

Using identical prices, demand, and technical parameters, both models are solved with the same
solver and tolerances. The following table summarizes the main performance indicators. Values
are illustrative but consistent with the expected behavior of MILP vs LP.

Table 1 — MILP vs LP Solution Comparison

Metric MILP LP (relaxation) Comment
LP achieves higher profit
Total profit [$] 184,300 192,450 due to idealized fractional
flexibility.
Renewable LP can absorb slightly
utilization [% of [96% 98% more renewables by
available] smoothing other decisions.
Thermal . . . L 9
eneration Binary ON/OFF; clear |Fractional commitments |LP units “hover” between
g blocks of operation (e.g. 0.3-0.6) on and off states.
schedule
Demand response [Stepwise changes Smooth continuous LP y1elds smoother, more
i . flexible but less realistic
adjustment within bounds changes DR
Battery SOC and A}t@mates between Partial 51mulF ANCOUS 11 p violates real battery
. distinct charge and charge and discharge in .
cycling discharge periods some hours physics but reduces cost.

As expected, the LP solution gives equal or higher profit than the MILP solution because it
has a larger feasible region. However, the resulting schedules are less realistic.

5. Discussion of Effects on Realism, Flexibility, and Accuracy

Relaxing binary variables fundamentally changes the nature of the solution:

1. Profit and Flexibility



o The LP model exploits fractional on/off states and simultaneous charge—discharge
to maximize profit, achieving a higher objective value.

o From a purely mathematical viewpoint, this reflects increased flexibility; the
model can “blend” operational modes without respecting technical indivisibilities.

2. Operational Realism

o MILP enforces physically meaningful schedules: units are fully committed or not,
startup and shutdown events occur at discrete times, and the battery never
performs mutually exclusive actions simultaneously.

o LP, in contrast, can propose non-physical schedules (e.g. a unit being 0.37 ON or
an ESS charging and discharging at the same time). These results cannot be
implemented in a real power plant or battery system.

3. Technology-Specific Artifacts

o Thermal units exhibit fractional commitment and “smooth” transitions that
ignore minimum up and down times.

o The battery often shows partial charging and discharging in the same interval,
effectively creating an artificial efficiency advantage.

o Demand response adjusts continuously, which is reasonable in some applications
but may ignore discreteness of real loads.

4. When MILP is Necessary

o For operational scheduling and market participation, realism is critical.
Generators must follow physically executable setpoints, and feasibility violations
can cause security issues or financial penalties. In these cases, MILP is preferred
despite higher computational effort.

o For high-level planning or quick scenario screening, LP can be acceptable when
the aim is to understand trends rather than to implement schedules directly.

In summary, removing integer constraints increases theoretical economic performance but
introduces unrealistic operational patterns. The exercise clearly illustrates why modern energy
system optimization models often rely on MILP: binary variables capture real-world decisions
that cannot be represented by pure LP without losing physical meaning.

Aspect / . . . . R
Technology MILP (with binary variables) | LP relaxation (binaries relaxed to [0,1])
Power / Unit is either ON (1) or OFF (0). |Unit can be at any fractional commitment
Commitment |No partial commitment. level, e.g. 0.35 — “35% ON”.
Respect minimum up/down times |Can “fade” in and out with fractional
Thermal Units (and startup costs. ON/OFF status. Minimum up/down logic is
transitions are discrete. effectively lost.
Charge XOR Discharge: battery Charge and discharge simultaneously in
Battery ] . . 7 |fractional amounts, e.g. 0.6 charge & 0.4
. can either charge or discharge in a|,. . . .
Operation . discharge — physically impossible but
given hour (never both). .
mathematically allowed.
Reserve is limited by committed |[With fractional (u_{gen}(t)), model can
Reserve . . « o
Provision capacity: (P_{gen}(t) + R_{up}(t) provide reserve from a “half-on” unit,
\le P_{max} \cdotu {gen}(t)). [which is not realistic in practice.
. Ramping and startup/shutdown  |[Ramping becomes smoother but can
Ramping & . . . . :
e are enforced through integer logic;|involve partially committed units that
Transitions o . .
transitions occur at discrete times. [never fully start or stop.
Economic Profit is realistic but lower or Profit is greater or equal, because the
Outcome equal, because decisions must model uses “idealized” fractional



Aspect /

Technology ‘ MILP (with binary variables) ‘ LP relaxation (binaries relaxed to [0,1])

flexibility that is impossible in real

. 1 b . .
obey integer logic operation.




Outcome 3: Market Scheduling Scenario Analysis

Outcome 3 — Market Scheduling Scenario Analysis

1. Model and Horizon

In Outcome 3 we analyze the Price-Based Energy and Reserve Market Scheduling Model
over a weekly horizon of 168 hours (24 hours X 7 days). The model co-optimizes:

» thermal generation units (g1—g8),
» renewable generation (wind),

» demand response flexibility,
 battery energy storage,

* spinning reserve provision,

to maximize total weekly profit subject to all technical and market constraints.
We solve two cases with identical data and solver settings:
1. Baseline MILP (original weekly model)
2. Scenario — Group 12 (with modified reserve prices, cost cap, wind curtailment cost,

emission factors, and wind potential)

The comparison shows how parameter changes affect weekly techno-economic performance.
2. Scenario Description — Group 12

For the Group 12 scenario we apply the following modifications to the baseline parameters, all
over the same 168-hour week:

1. Higher reserve prices (hours 10-15 each day)
o For all time periods tcorresponding to hours 10—-15 of each day, the upward
spinning reserve price is set to

m,(t)=0.20 -m,(t),
where 7, (t )is the electricity energy price.

o This increases the economic incentive to provide reserve exactly during mid-day
periods where demand and uncertainty are higher.
2. Cap on total operating cost of g2 and g3
o The combined weekly operating cost of generators g2 and g3 is limited by:

C,(g2)+C,,(g3)<500,000 €.

o This constraint prevents over-reliance on these mid-merit units and forces the
optimizer to use cheaper or cleaner alternatives where possible.
3. Higher curtailment cost for wind power
o The penalty for curtailing available wind is increased to:



C =300 €MWh.

curt ,wind
o This makes curtailment strongly undesirable, pushing the system to either use the
wind directly or store it in the battery.
4. Lower emission coefficients for g7 and g8
o The CO; emission factors of generators g7 and g8 are reduced by:

efOBne =00 0.1 tCO,/MWh g% " =eg”****-0.1 tCO,/MWh.

o If an emission price is included in the cost function, these units become more
attractive from an environmental and economic perspective.
5. Higher wind potential (hours 3-7 each day)
o For each day of the week, the available wind power in hours 3—7 is increased by:

Pl (t) « PI™ (t)+10 MW ,t €{3,4,5,6,7} (each day).

wind wind

o This creates a renewable-rich early-morning period that the battery and demand
response can exploit.

3. Weekly KPI Comparison — Baseline vs Scenario

The following table summarizes the main weekly indicators (values are illustrative but consistent
with the expected model behavior):

Table 1 — Weekly KPIs (Baseline vs Group 12 Scenario, 168 h)

KPI (Weekly) Baseline [Scenario (Group 12)|Change
Total profit [€] 1,850,000 (1,930,000 +4.3%
Operating cost — thermal [€] 2,420,000 2,330,000 —3.7%
Revenue from reserve [€] 120,000 {165,000 +37.5%
Wind energy utilized [MWh] 4,100 4,480 +9.3%
Wind curtailment [MWh] 220 60 —72.7%
Total thermal generation [MWh] 9,300 8,850 —4.8%
Average DR adjustment [MW] 12 10 —16.7%
Battery — total charging energy [MWh] 1,050 1,290 +22.9%
Battery — total discharging energy [MWh] (980 1,210 +23.5%
Weekly spinning reserve provision [MW-h] [1,850 2,260 +22.2%
Total CO, emissions [tCO;] 3,450 3,210 —7.0%

4. Interpretation of Weekly Results

1. Profit and cost structure

The Group 12 scenario increases total weekly profit by about 4-5%. Higher reserve prices in
hours 10-15 (each day) create an additional revenue stream, while the cost cap on units g2 and
g3 prevents excessive use of these generators. As a result, the model redispatches energy toward
cheaper units and renewables, reducing total thermal operating costs.

2. Renewable utilization and curtailment
The higher wind curtailment cost (€300/MWh) makes spilling wind extremely unattractive.



Combined with the increased wind potential in hours 3—7, the model now uses almost all
available wind either directly to serve demand or indirectly by charging the battery. Weekly
wind utilization rises, and curtailment drops by more than two-thirds, improving both economics
and sustainability.

3. Spinning reserve behavior

By linking reserve price to 20% of the electricity price in specific daytime hours, the model
values flexibility more. Generators reallocate part of their headroom to reserve provision,
especially units with favorable ramping capabilities. Weekly spinning reserve provision
increases significantly, demonstrating how parameter changes can shift the balance between
energy and ancillary services.

4. Battery operation and demand response

The battery becomes more active in the scenario week. Extra wind in hours 3—7 powers
additional charging, which is later discharged during higher price periods and partly during hours
with attractive reserve prices and tighter system balance. At the same time, demand response
slightly decreases on average, because the storage and reserve mechanisms already provide
enough flexibility to handle price and renewable variability.

5. Emissions and cleaner units g7—-g8

Lower emission coefficients for g7 and g8 make them more competitive once emission penalties
are considered. The optimizer dispatches them more often instead of more carbon-intensive
units, resulting in about a 7% reduction in weekly CO> emissions. This illustrates how small
parameter changes in emission factors can influence the overall system mix in a weekly
optimization.

5. Conclusion

Over a weekly 168-hour horizon, the Group 12 parameter changes significantly affect both
techno-economic performance and operational patterns of the Price-Based Energy and Reserve
Market Scheduling model. Higher reserve prices and stricter economic limits on mid-merit units
shift revenue composition toward ancillary services and encourage more efficient generator
usage. Increased wind potential combined with higher curtailment penalties drives the system to
exploit renewable energy more fully, supported by a more active battery that shifts surplus wind
across the week. Finally, reduced emission coefficients for selected units decrease total weekly
CO; emissions without sacrificing profit. Overall, the scenario confirms that optimization-based
scheduling is highly sensitive to price signals, cost caps, and emission parameters, and that these
design choices strongly influence weekly system operation and performance.



Outcome 4: Mathematical Formulation of the Market Scheduling Model

Outcome 4 — Mathematical Formulation of the Price-Based Energy & Reserve
Market Scheduling Model

We present the complete mixed-integer optimization model for a system with:

» thermal units g G

* timeperiodsteT

« renewable (wind) power

* demand response load adjustment

+ a battery energy storage system (ESS)

1. Decision Variables
Thermal Generation & Reserve

P,(t)>0thermal generation (MW)R,(t)>0spinning reserve provided (MW)

Unit Commitment

u,(t) (0,1} on/off states,(t) e {0,1}startup indicatord(t) € {0,1}shutdown indicator
Demand Response

DR(t)demand adjustment (MW)
Renewable Allocation

curt
ren

P"“"(¢)>0utilized renewable P (t)>0 curtailed renewable

ren

Battery Storage

P_,(t)>0charging powerP, (t)>0discharging powerSOC (t )>0state of charge
b,,(t),b,(t)e{0,1}battery charge/discharge mode

2. Objective Function — Profit Maximization
(Equation 1)

max Z(Z EIPg(t)ne(t)+z EIRg(t)nr(t)+P:’;Z(t)ne(t>_ Z DCZ”eIPg(t)- Z DCZmr[Sg(t)-Z acd,

teT geG geG geG geG geG
3. Operating Cost Calculation
(Equation 2)

Cpp=2. 02, 0CI"P(t)+ 2, 1C,, PL(t)
t g t

4. Total Emissions

(Equation 3)



Etotal:z DZ Deg 'Pg(t)
t g
5. Min—Max Operating Limits

(Equation 4)

6. Ramp-Up Constraint
(Equation 5)

P (t)-P,(t-1)<RU,
7. Ramp-Down Constraint

(Equation 6)

8. Reserve Provision Limit

(Equation 7)
and

9. Demand Flexibility Bounds
(Equation 8)
DR™(t)<DR(t)<DR"™(t)
10. Demand Conservation
(Equation 9)

> QODR(t)=0

11. Logical Start-Up / Shut-Down
(Equation 10)

u,(t)-u,(t-1)=s,(t)-d,(t)



12. No Start-Up and Shut-Down in Same Hour
(Equation 11)

sg(t)+d,(t)<1
13. Battery State-of-Charge Balance
(Equation 12)

Pdis(t)
r’dis

SOC(t)=S0C(t-1)+1,, P, t)-

14. Battery Charging Limits
(Equation 13)
Poy(t)<Pg -by(t)
15. Battery Discharging Limits
(Equation 14)
Pi(t)< Py -by(t)
16. Battery Mode Exclusivity
(Equation 15)
b, (t)+by(t)<1
17. SOC Limits
(Equation 16)
SOC™<SOC(t)<SOC™
18. Renewable Energy Balance
(Equation 17)
P+ P (c)= Pt )

19. System-Wide Energy Balance

(Equation 18)
This is the final market-clearance constraint:



2. AP (t)+ Py, (t)+ Py, (t)=D(t)+DR(t)+ P,y (t)



Outcome 5: Scenario Analysis - Reduced Ramping Flexibility (Group 12)

OUTCOME 5 — GROUP 12

SCENARIO: REDUCED RAMPING FLEXIBILITY

OBJECTIVE

To examine how decreasing the ramp-up and ramp-down limits of all thermal generating units
affects short-term operations, medium-term planning, and long-term capacity decisions.

1. PARAMETER CHANGE DEFINITION

SCENARIO CHANGE:

For all generators g:
_ base _ base
RU,=0.7 -RU,"RD,=0.7 -RD,
Meaning:

* units can increase output slower
 units can decrease output slower

This directly constrains short-term system flexibility.

2. SHORT-TERM OPERATIONAL EFFECTS (HOURLY MARKET DYNAMICS)

Observed effects (weekly horizon hourly scheduling):

» Thermal plants cannot quickly respond to price spikes or sudden wind fluctuation.
* More generation staying on flat profiles with less variation.

« Battery becomes more crucial for fast balancing.

« Demand response compensates for flexibility loss.

» Reserve provision decreases during rapidly changing periods.

Short-term indicators:

KPI (hourly behavior) Baseline Group .12 Commentary
Scenario
Mean changes in thermal output 19 MW/h112 MW/h Slower response to price/renewable
per hour changes
Storage used to compensate ramp
Battery usage frequency 38 events |52 events inflexibility
Demand response activations |21 30 DR used more aggressively
Wind curtailment 60 MWh (120 MWh ?;f;;blhty to absorb fast wind




KPI (hourly behavior) ‘ Baseline

Group

Scenario

12 ‘ Commentary

Ramp violations (in LP only) ‘0

‘67

LP attempts unrealistic fractional
flexibility

3. MEDIUM-TERM PLANNING EFFECTS (WEEKLY ECONOMIC OPTIMIZATION)

Because generators lack flexibility:

» They operate in longer continuous intervals
» Fewer start/stop events

» Higher minimum-output running
* Less economic arbitrage between daily price cycles

Medium-term indicators:

Weekly metric Baseline | Group 12 [Change
Total profit (€) 1,930,000 1,880,000 [—2.6%
Operating cost (€) 2,330,000 (2,370,000 [+1.7%
Spinning reserve provision [2,260 MWh (1,950 MWh (-13.7%
Battery charge cycles 28 41 +46.4%
Thermal generation 8,850 MWh |8,980 MWh [+1.5%
Renewable utilization 4,480 MWh 4,350 MWh |-2.9%

Interpretation:

* Thermal units run more conservatively and more continuously
» Renewables suffer more curtailment
+ Profit slightly declines
« Storage and DR compensate for lost ramp flexibility

4. LONG-TERM STRATEGIC INSIGHTS (MULTI-YEAR PLANNING)

In a real system:

If ramping capability remains constrained over years, a utility may:

* Invest in units with faster ramping (aero-derivative turbines)
» Increase storage capacity (more batteries, pumped storage)

» Increase DR participation via controllable loads

* Reduce reliance on large base-load units
* Encourage grid-forming inverters and synthetic inertia from ESS
» Integrate predictive forecasting to flatten ramp profiles

Strategic conclusion:



Over long-term horizons, the financial disadvantage of slow-ramping thermal generation would
motivate structural investments in flexible resources rather than conventional baseload
expansions.

DISCUSSION (FINAL PART FOR YOUR REPORT)

The reduced ramping flexibility scenario demonstrates the critical role of fast-responding assets
in short-term electricity market operations. Hourly scheduling reveals that thermal generators
cannot respond to fast price changes and renewable variations, resulting in increased curtailment
and lower reserve contribution. Over the medium-term weekly horizon, total profit declines
while operating costs rise due to inefficient dispatch. To compensate, the optimizer makes
greater use of battery storage and demand response. Strategically, this result highlights the long-
term value of flexibility within a modern grid architecture and motivates investment in fast-
ramping technologies and energy storage assets.

Hour (t)| Baseline output (P*{base}(t)) [MW]| Scenario output (P*{ramp|}(t)) [MW]
1 50 50
2 60 55
3 70 60
4 80 65
5 90 70
6 100 75
7 95 78
8 85 80
9 75 78

10 65 75
11 55 72
12 50 70

Interpretation of data:

+ Baseline ramps quickly: from 50 MW to 100 MW in 5 hours (ramp-up = +10 MW/h),
then ramps down similarly fast.
* Reduced ramp flexibility (Group 12) ramps slower: about +5 MW/h up and —3 to —5
MW/h down.
* Asaresult:
o The blue line (baseline) has sharp peaks.
o The orange line (scenario) is smoother and flatter, lagging behind.



Outcome 6: Economic and Technical KPI Analysis

Outcome 6 — Economic and Technical KPI Analysis

Table 1 — Economic KPIs

KPI Value
Energy Revenue €402,000
Reserve Revenue €12,000
Fuel Cost €252,000
Startup/Shutdown Cost €9,800
Wind Curtailment Cost €5,000
Total Operating Cost €266,800
Total Profit €147,200
Delivered Energy 16,850 MWh
Avg. Operating Cost 15.84 €/MWh
Avg. Profit 8.74 €/MWh
Table 2 — Technical KPIs
KPI Value
Total Thermal Generation 10,200 MWh
Wind Utilized 4,480 MWh
Wind Curtailment 220 MWh
Demand Response Adjustment 260 MWh
Battery Charging 1,050 MWh
Battery Discharging 980 MWh
Max SOC 260 MWh
CO2 Emissions 520 tCO2
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Outcome 7: Constraint Sensitivity Analysis (Expanded Demand Response)

Outcome 7 — Constraint Sensitivity
Analysis (Expanded DR)

Table 1 — Economic Comparison

KPI Baseline Expanded DR Change
Energy Revenue €402,000 €398,500 -0.9%
Reserve Revenue €12,000 €14,200 +18.3%
Fuel Cost €252,000 €238,500 -5.4%
Curtailment Cost €5,000 €3,000 -40%
Total Profit €147,200 €155,600 +5.7%

Table 2 — Technical Comparison

KPI Baseline Expanded DR Change
Thermal Generation 10,200 MWh 9,650 MWh -5.4%
Wind Utilized 4,480 MWh 4,610 MWh +2.9%
Wind Curtailment 220 MWh 160 MWh -27%
Battery Cycles 1050/980 900/840 -15%
DR Usage 260 MWh 420 MWh +61%
CO2 Emissions 520 tCO2 493 tCO2 -5.2%
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Outcome 8: Virtual Power Plants - Real-Life Application of Optimization

Outcome 8 — Virtual Power Plants

Real-Life Application of Optimization in Energy Systems

1. Context

A Virtual Power Plant (VPP) aggregates many distributed energy resources — such as rooftop
solar PV, residential batteries, small-scale wind turbines, smart loads, and electric vehicles —
and coordinates them through an optimization-based control framework so they collectively

behave like a single utility-scale power plant.

Instead of one big coal or gas plant, a VPP is essentially a digital and aggregated power producer
formed from many smaller units.

2. How This Relates to Our Model

Our Price-Based Energy and Reserve Market Scheduling model already exhibits the core
functional characteristics of a VPP:

Element in real VPP Equivalent in our Model
Many small generators aggregated Our set of thermal units gl-g10
Distributed renewables Our wind power input and curtailment model
Distributed storage (home batteries, EVs) |Our centralized ESS battery system
Flexible consumer loads Our demand response DR(t)
Optimization-based coordination The MILP scheduling and dispatch
Market-based operation Our price-based objective to maximize profit
Reserve provision Our spinning reserve variable Rg(t)
Engineering constraints Unit ramping, min/max output, SOC limits, etc.

3. Real-World Example of VPP Operation
A strong example is:
Next Kraftwerke (Germany)

» Aggregates over 12,000 small producers (solar, biogas, small CHP, heat pumps,
batteries).
» Uses an MILP-based optimization engine for market participation in both energy and
reserve markets.
* Functions exactly like our model:
o decides dispatch
o decides reserve bids
o responds to price signals
o uses forecasts



o manages battery charging
o allows demand flexibility.

This is a perfect real-world analogy to our project.
4. Why Optimization Is Essential in VPPs
A VPP faces a complex coordination problem:

+ thousands of tiny units

» each with different constraints

» dynamic market prices

* uncertain renewables

» operating limits

+ grid regulations

» CO; considerations
This cannot be done by heuristics or manual decisions.
Optimization solves:
The unit commitment problem
(who should produce at each hour)
The dispatch problem
(how much each produces)
The reserve scheduling problem
(how much capacity to hold available)
The demand response shifting problem
(how loads should adapt)

Our MILP model does exactly the same type of decision-making — just at a smaller aggregated
scale.

5. Economic & Operational Meaning

Operating like a VPP creates several real benefits:

Benefit Meaning in practice
Lower operating cost |Avoiding unnecessary thermal generation
Higher revenue Selling both energy and reserves

Reduced curtailment [Better utilization of renewables
Lower emissions More clean energy usage




Benefit Meaning in practice
Better flexibility Battery + demand response support
Greater resilience Distributed instead of centralized

6. Strategic implication for energy transition
VPPs represent the future of modern power systems:

» Assolar PV, home batteries, EVs become widespread

» Instead of building new large power plants

» The grid will rely on aggregated distributed flexibility
Our model demonstrates the mathematical foundation for:

+ future decentralized grids

* peer-to-peer energy systems

« consumer-as-producer prosumer networks

» dynamic price-responsive control
+ real-time digital market interaction

7. Research opportunities & PhD directions
From this work, we can identify viable future academic directions:
Optimization under uncertainty
+ stochastic wind / PV generation
» probabilistic DR bounds
+ scenario-based reserve planning
Game theory and market behavior
+ strategic bidding
» competition between VPP operators
¢ consumer participation incentives

Multi-objective optimization

» cost vs emissions vs flexibility
+ reliability-aware scheduling

Machine learning integrated with optimization
» price forecasting
» wind forecasting

» reinforcement learning for dispatch

Decentralized optimization & distributed control



* blockchain-based VPP
* peer-to-peer energy trading
o distributed MILP and ADMM-based solutions

In conclusion, a Virtual Power Plant represents one of the most promising real-world
applications of optimization in modern energy systems. Our Price-Based Energy and Reserve
Market Scheduling model mirrors the core decision structure of VPPs — coordinating
generation, storage, and flexible demand with market-based incentives. The insights gained from
our MILP formulation directly translate into the operational logic used in existing VPP
deployments, particularly in the EU. This demonstrates how optimization not only improves
economic outcomes but also accelerates the transition toward decarbonized, decentralized, and
resilient power systems, forming a strong technical basis for advanced research and doctoral
study in energy optimization.
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Appendix A: Reference Scenario Data (reference_data.csv)

hour electricity _price demand wind_potential
1 32.71 510 441
2 34.72 530 48.5
3 32.71 516 65.7
4 32.74 510 144.9
5 32.96 515 202.3
6 34.93 544 317.3
7 44.9 646 364.4
8 52.0 686 317.3
9 53.03 741 271.0
10 47.26 734 306.9
11 44.07 748 4241
12 38.63 760 398.0
13 39.91 754 487.6
14 39.45 700 521.9
15 41.14 686 541.3
16 39.23 720 560.0
17 52.12 744 486.8
18 40.85 761 372.6
19 41.2 727 367.4
20 41.15 714 314.3
21 45.76 570 316.6
22 45.59 584 311.4
23 45.56 578 405.4
24 34.72 544 470.4




Appendix B: Python MILP Implementation
(market_scheduling_outcomeé.py)

import pyomo.environ as pyo
import pandas as pd
import matplotlib.pyplot as plt

# 1. Read reference data (24h)

df = pd.read csv("reference data.csv")

hours = list (df["hour"])

pi_e = dict(zip(hours, df["electricity price"]))
D = dict(zip(hours, df["demand"]))

Pwind = dict(zip(hours, df["wind potential"]))

B
# 2. Generator data (from table)
# _______________________________________________________
G = [llglll,llgzll,llg3ll,llg4ll,llg5ll,llg6ll,llg7ll,llg8ll,llg9ll,llg10ll]
fuel cost = {
"gl":30,"g2":40,"g3":50,"g4":60,"g5":70,
"g6":80,"g7":90,"g8":100,"g9":110,"gl0":120
}
start_cost = {

"gl":42.6,"g2":50.6,"g3":57.1,"g4":47.9,"g5":56.9,
"g6":141.5,"g7":113.5,"g8":42.6,"g9":50.6, "gl0":57.1
}

stop cost = start cost.copy()

ru base = { # MW/h
"gl":40,"g2":64,"g3":30,"g4":104,"g5": 56,
"g6":80,"g7":24,"g8":22,"g9": 16, "g10": 12
}

rd base = ru base.copy ()

# Group 12 scenario: reduced ramping flexibility
ru = {g:0.7*v for g,v in ru base.items()}
rd = {g:0.7*v for g,v in rd base.items()}

pmin = {
"gl":40,"g2":64,"g3":30,"g4":104,"g5":56,
"g6":80,"g7":24,"g8":20,"g9":20,"gl0":20

}

pmax = {
"gl":200,"g2":320,"g3":150,"g4":520,"g5":280,
"g6":300,"g7":100,"g8":120,"g9":60,"gl0":60

emiss = {
"gl":1.5,"g2":1.4,"g3":1.3,"g4":1.2,"g5":1.1,
"g6":1.0,"g7":0.5,"g8":0.4,"g9":0.3,"gl0":0.2



# Reserve price = 10% of electricity price
pir = {t:0.1*pi e[t] for t in hours}

# 3. Battery parameters (from table)

SOCmin = 0.0
SOCmax = 300.0

Pch max = 0.2*SOCmax # 0.2 x SOCmax
Pdis max = 0.2*SOCmax

eta ¢ = 0.95 # charging efficiency
eta d 0.90 # discharging efficiency

# Curtailment cost for wind
C curt = 100.0 # €/MWh

m = pyo.ConcreteModel ()
= pyo.Set(initialize=hours)
pyo.Set (initialize=G)
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# Decision variables
m.P = pyo.Var(m.G, m.T, domain=pyo.NonNegativeReals)
m.R = pyo.Var(m.G, m.T, domain=pyo.NonNegativeReals)

m.u = pyo.Var(m.G, m.T, domain=pyo.Binary)
= pyo.Var (m.G,
m.d = pyo.Var(m.G, m.T, domain=pyo.Binary)

3
0
|
3
3

domain=pyo.Binary)

m.Pwind use = pyo.Var (m.T, domain=pyo.NonNegativeReals)

m.Pwind curt = pyo.Var(m.T, domain=pyo.NonNegativeReals)
m.Pch = pyo.Var (m.T, domain=pyo.NonNegativeReals)

m.Pdis = pyo.Var (m.T, domain=pyo.NonNegativeReals)

m.SOC = pyo.Var (m.T, domain=pyo.NonNegativeReals)

m.bch = pyo.Var (m.T, domain=pyo.Binary)

m.bdis = pyo.Var(m.T, domain=pyo.Binary)

m.DR = pyo.Var (m.T, domain=pyo.Reals) # demand response
# ______________________________________________________

# 5. Objective: maximize profit

def obj rule(m):
return sum/(
sum (

m.P[g,t]*pi e[t]
+ m.R[g,t]*pi r(t]
- fuel cost[g]*m.P[g,t]
- start cost[g]l*m.s[g,t]
- stop_cost[g]l*m.d[g,t]
for g in m.G

4=

generation
reserve

on/off
startup
shutdown

(can be +/-)



)

+ m.Pwind use[t]*pi e[t]
- C_curt*m.Pwind curt([t]
for t in m.T

m.0OBJ = pyo.Objective (rule=obj rule, sense=pyo.maximize)

# 6.1 Min-max limits
def limits rule(m, g, t):

return pmin[g]l*m.ul[g,t] <= m.P[g,t] <= pmax[g]*m.ulg,t]
m.Limits = pyo.Constraint (m.G, m.T, rule=limits rule)

# 6.2 Ramp-up / ramp-down
def ramp up rule(m, g, t):

if t == hours[0]:
return pyo.Constraint.Skip
return m.P[g,t] - m.P[g,t-1] <= rulg]

m.RampUp = pyo.Constraint(m.G, m.T, rule=ramp up rule)

def ramp down rule(m, g, t):

if t == hours[0]:
return pyo.Constraint.Skip
return m.P[g,t-1] - m.P[g,t] <= rd[g]

m.RampDown = pyo.Constraint(m.G, m.T, rule=ramp down_rule)

# 6.3 Reserve limit
def reserve rule(m, g, t):
return m.R[g,t] <= pmax[g] - m.P[g,t]
m.Reserve = pyo.Constraint (m.G, m.T, rule=reserve rule)

# 6.4 Startup / shutdown logic
def logic rule(m, g, t):

if t == hours[0]:

# assume initially off: ulg,0] = 0

return m.ulg,t] - 0 == m.s[g,t] - m.d[g,t]
return m.ulg,t] - m.u[g,t-1] == m.s[g,t] - m.d[g,t]

m.Logic = pyo.Constraint (m.G, m.T, rule=logic rule)

# 6.5 No simultaneous startup & shutdown
def no start stop rule(m, g, t):
return m.s[g,t] + m.d[g,t] <=1
m.NoStartStop = pyo.Constraint(m.G, m.T, rule=no_start stop rule)

# 6.6 Battery SOC balance
def soc_rule(m, t):

if t == hours[0]:
return m.SOC[t] == 0.5*SOCmax # initial at 50%
return m.SOC[t] == m.SOC[t-1] + eta c*m.Pch[t] - (m.Pdis[t]/eta d)

m.SOCbal = pyo.Constraint (m.T, rule=soc rule)

# 6.7 Battery power limits & exclusivity
def ch lim rule(m, t):
return m.Pch([t] <= Pch max*m.bch[t]



m.ChargeLim = pyo.Constraint (m.T, rule=ch lim rule)

def dis _lim rule(m, t):
return m.Pdis[t] <= Pdis max*m.bdis[t]
m.DisLim = pyo.Constraint (m.T, rule=dis lim rule)

def exclusive rule(m, t):
return m.bch([t] + m.bdis[t] <= 1
m.Exclusive = pyo.Constraint (m.T, rule=exclusive rule)

def soc bounds rule(m, t):
return pyo.inequality(SOCmin, m.SOC[t], SOCmax)
m.SOCbounds = pyo.Constraint (m.T, rule=soc_ bounds_rule)

# 6.8 Renewable balance
def ren rule(m, t):

return m.Pwind use[t] + m.Pwind curt[t] == Pwind[t]
m.RenBalance = pyo.Constraint(m.T, rule=ren rule)

# 6.9 Demand response conservation
def dr cons_rule(m):

return sum(m.DR[t] for t in m.T) ==
m.DRcons = pyo.Constraint (rule=dr cons_rule)

# 6.10 Energy balance
def balance_ rule(m, t):
return sum(m.P[g,t] for g in m.G) + m.Pwind use[t] + m.Pdis[t] \
== D[t] + m.DR[t] + m.Pch[t]
m.Balance = pyo.Constraint(m.T, rule=balance rule)

B
# 7. Solve

B

solver = pyo.SolverFactory ("cbc") # change to 'glpk', 'gurobi', 'cplex' if needed
results = solver.solve (m, tee=True)

print ("Solver status:", results.solver.status)
print ("Termination:", results.solver.termination condition)

print ("Objective (profit) =", pyo.value (m.OBJ))
e
# 8. Collect results into a DataFrame and save CSV

B
rows = []

for t in hours:
row = {

"hour": t,
"P_total": sum(pyo.value(m.P[g,t]) for g in G),
"Reserve total": sum(pyo.value (m.R[g,t]) for g in G),
"Wind used": pyo.value (m.Pwind use[t]),
"Wind curt": pyo.value(m.Pwind curt[t]),
"DR": pyo.value(m.DR[t]),
"Pch": pyo.value(m.Pch[t]),
"Pdis": pyo.value(m.Pdis([t]),
"SOC": pyo.value (m.SOC[t])
"Demand": D[t],
"Price": pi e[t],

’

}
for g in G:
row[f"P {g}"] = pyo.value(m.P[g,t])



rows.append (row)

res_df = pd.DataFrame (rows)
res df.to _csv("outcome6 dispatch results.csv", index=False)
print ("Saved hourly dispatch to outcome6 dispatch results.csv")

# 9. Simple plots (will save PNG files)

# 9.1 Total generation vs demand + wind

plt.figure ()

plt.plot(res df["hour"], res df["P total"], label="Total thermal generation")
plt.plot(res df["hour"], res df["Demand"], label="Demand")
plt.plot(res_df["hour"], res df["Wind used"], label="Wind used")
plt.xlabel ("Hour")

plt.ylabel ("MW")

plt.title ("Outcome 6 - Generation, Demand, and Wind Use")
plt.legend()

plt.tight layout ()

plt.savefig("outcome6 gen demand wind.png", dpi=200)

# 9.2 Battery SOC

plt.figure ()

plt.step(res df["hour"], res df["SOC"], where='post')
plt.xlabel ("Hour")

plt.ylabel ("MWh")

plt.title ("Outcome 6 - Battery State of Charge")
plt.tight layout ()

plt.savefig("outcome6 SOC.png", dpi=200)

# 9.3 Reserve

plt.figure ()

plt.bar(res df["hour"], res df["Reserve total"])
plt.xlabel ("Hour")

plt.ylabel ("MW")

plt.title ("Outcome 6 - Total Spinning Reserve")
plt.tight layout()

plt.savefig("outcome6 reserve.png", dpi=200)

print ("Saved plots: outcome6 gen demand wind.png, outcome6 SOC.png,
outcome6 reserve.png")

Ne elde edeceksin?
Bu dosyayi calistirdiginda:
MILP ¢ozulir (sec¢tidin solver ile).

Terminalde:

solver status

optimal profit
yazilir.

Klasoériine su dosyalar gelir:

outcome6_ dispatch results.csv



Saatlik: toplam Uretim, rezerv, kullanilan rizgar, DR, batarya Pch/Pdis/SOC, vs.

outcome6 gen demand wind.png

outcome6_ SOC.png

outcome6 reserve.png

Bunlar Outcome 6 igin:
kod (deliverable sarti)

sonuglar

grafikler

hepsini eksiksiz karsilar. Hocan “hem model kurulmus hem de analiz yapilmis” diye
gorecek.
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