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Abstract

This research addresses the challenge of optimizing energy dispatch in restructured power markets by
evaluating a Virtual Power Plant (VPP) model that integrates demand-side storage. The study aims to close
the gap between energy supply and demand by employing two optimization methodologies: a precise
Mixed-Integer Linear Programming (MILP) model and a hybrid.algorithm based on an Extreme Learning
Machine and a Genetic Algorithm (ELM-GA), which is computationally efficient. The VPP model
incorporates a diverse portfolio of generation units (diesel, hydroelectric, solar, wind), supply-side storage,
and a prosumer, with demand-side management actualized through a water storage system. The objectives
are to maximize VPP profitability while minimizing hydroelectric energy losses and pump operational
costs. Tested on a standard IEEE Y<¢-bus system with real-world data, the results show that a VPP with
demand-side storage is Y,° times less costly than a traditional grid without storage. Furthermore, the VPP
framework is Y,V times more cost-effective than a traditional grid structure. For large-scale problems, the
ELM-GA algorithm delivers near-optimal solutions (¢,¢7 optimality gap) )7 times faster than MILP,
highlighting its potential for rapid, reliable energy management and policy-making.

Introduction

The evolution of energy markets from centralized, monopolistic structures to restructured wholesale models
created an urgent need for more flexible and efficient management systems. This transition was driven by
challenges including price deregulation, environmental concerns, and a lack of incentive for improving
efficiency in the traditional model. In response, the Virtual Power Plant (VPP) emerged as a key innovation.
A VPP is an aggregated system of decentralized, small-scale power generating and consuming units, all
coordinated by a central control system to act as a single entity in the energy market. VPPs offer significant
advantages over conventional power plants, including greater agility, efficiency, and cost-effectiveness,
allowing them to adapt rapidly to market and demand changes while minimizing operational costs and
waste.

Concurrently, the electricity industry has grappled with the persistent problem of balancing supply and
demand—specifically, managing power outages during peak hours and wasted surplus energy during off-
peak times. Demand-Side Management (DSM) provides a strategic solution, using various techniques to
influence consumption patterns for enhanced grid stability and reduced costs. A critical DSM method is the
use of demand-side storage, such as batteries, thermal systems, or water resources. By storing energy when
it is cheap and plentiful and releasing it during peak demand, these systems smooth the network's load curve
and mitigate price volatility.

This research integrates these concepts by developing and optimizing a VPP that includes diverse
producers, storage, and a prosumer, alongside a water-based demand-side storage system. The study’s
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objective is to model the optimal participation of these units, comparing the VPP framework against
traditional grid operations and analyzing the economic impact of including DSM to demonstrate its role in
increasing profitability and grid stability.

Methodology

The problem is modeled on an IEEE Y¢-bus standard micro grid that contains a Virtual Power Plant
managing a diverse portfolio of assets: a diesel generator, a hydroelectric plant, solar panels, wind turbines,
an electric vehicle (prosumer), and a battery for supply-side storage. Demand-Side Management (DSM) is
implemented via several water resources acting as storage, each equipped with pumps that can consume
energy to store water or generate energy when releasing it. The core objective is to determine the optimal
unit commitment strategy that maximizes profit for all entities while preventing price spikes during peak
demand.

The research evaluates two primary scenarios: first, a comparison of the VPP's economic performance
versus a traditional grid, and second, an analysis of deploying a DSM system within both a traditional grid
and a VPP framework. The model’s operational logic is straightforward: during times of surplus energy,
storage units (battery, EV, water reservoirs) are charged; during peak demand, this stored energy is
dispatched back into the grid. The model assumes uncertainty in weather conditions and demand while
treating costs and revenues as deterministic.

The problem is addressed using two distinct solution approaches:

Mixed-Integer Linear Programming (MILP): A mathematical optimization method used to find the globally
optimal solution for the unit commitment problem. It involves detailed cost functions and operational
constraints for each system component, based on established models.

Hybrid ELM-GA Algorithm: A machine learning approach combining an Extreme Learning Machine
(ELM) with a Genetic Algorithm (GA). This method is designed to find a near-optimal solution far more
quickly than MILP, making it highly suitable for large-scale, time-sensitive applications.

Results

The model was tested using real-world data from Yazd, Iran, for a Y£-hour period. The VPP simulation
included a Y+ MW diesel plant, a )+ + kW solar panel, six wind turbines (°+ kW total), four ¢+ MW
hydroelectric units, a ¢ kW battery, and a Y%,Y kW electric vehicle.

The MILP and ELM-GA methods produced distinctly different operational strategies. The cost-focused
MILP solution opted to_use fewer generating units at higher capacity, such as running only two of four
hydroelectric units and leaving the battery entirely unused, thereby treating it as a sunk cost. It also
mandated equal load sharing among similar units like wind turbines to minimize costs. In contrast, the
ELM-GA solution dynamically engaged all available assets, operating them at varied, lower capacities.
This strategy resulted in less output fluctuation and demonstrated active use of storage, with both the battery
and electric vehicle charging and discharging based on grid needs.

Financially, the MILP method achieved the optimal solution, calculating a network loss of —1350 million
currency units. The ELM-GA solution yielded a slightly higher loss of —1678 million currency units,
confirming its near-optimal status. However, both VPP approaches were vastly superior to the traditional,
non-VPP operational mode, proving the economic viability of the VPP structure. The inclusion of DSM
increased immediate operational costs due to pump energy consumption but significantly reduced energy
production volatility. This smoothing effect implies less long-term stress on the grid and lower maintenance
costs.

Algorithm performance was benchmarked across problems of varying scales. For small and medium-sized
problems, MILP was faster and found the optimal solution. However, for large-scale problems (e.g., 1+
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units), MILP's solution time became impractically long, whereas ELM-GA was )1 times faster while
achieving a small optimality gap of just ¢,£7. This highlights the machine learning approach as a highly
effective tool for real-world energy dispatch problems.

Conclusion

This research successfully demonstrates that a Virtual Power Plant framework, particularly when enhanced
with demand-side storage, is a significantly more profitable and stable alternative to traditional, centralized
electricity markets. By quantitatively showing that a VPP can reduce financial losses and narrow the gap
between supply and demand, the study validates its implementation as a core strategy for modern energy
management. The findings underscore that while DSM introduces short-term costs, its ability to reduce
production volatility leads to greater long-term grid health and lower maintenance expenses.

Furthermore, the study confirms that a hybrid machine learning algorithm (ELM-GA) is a powerful and
practical tool for solving complex, large-scale energy optimization problems. While traditional methods
like MILP guarantee optimality, their computational demands are prohibitive for large systems. The ELM-
GA method provides a crucial trade-off, delivering near-optimal results with remarkable speed, making it
invaluable for real-time operational planning and adaptive policy-making. Future research could extend this
model to simulate competitive wholesale markets, incorporate the risk of unplanned outages, and explore
other advanced machine learning algorithms to further refine optimization solutions.

Keywords: Virtual Power Plant, Demand Side Management, Unit Commitment, MILP, Machine
Learning.
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Fig 1. Functional diagram of a water source as
a demand-side storage device.
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Table 1. Comparison of previous research.

Referencel I;l)::lir Model fnoélﬁi%n mggg:;lin ! Uncertainty| Objective function
[A] Virtual |Interactive method - - Profit
[4] Virtual - CCP v Fines and income
[Y+] |Traditional - ELM-GA| - Production losses and their costs
['Y] Virtual MIP - - Profit
[YY] |Traditional - MLPTA - Exchange scenarios in the smart grid




" Min-Max Production cost. elasticity of supply
'Y - v
[*T]  |Traditional and Max-Min and demand
[Ye] Virtual - BLSTM 4 Prediction error
[e] Virtual - K-means 4 Prediction error
Current . Profit. pump operating costs and
- v
research Virtual MILP ELM-GA floating producer losses
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Table 2. Model indices.

Index Definition Index Definition
t Time he | Hydroelectric power plant
d Diesel power plant s Solar panel
W Wind turbine v Electric Vehicle
b Battery i Storage
1 Time intervals in the dispatch window p Pump
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Table 3. Model variables.

Variable Definition Variable Definition
P Output power of hydroelectric power 5 Binary variable; V if diesel power plant d is
he.t plant he at time t (kW) he.t started up/shut down at time t, * otherwise
P Diesel power plant outp Output power 5 Binary variable; ) if diesel power plant d i3
dt of diesel power plant (d) at time t (KW) d.t started up/shut down at time t, * otherwise
u Binary variable; ) if diesel power plant d u Binary variable; ) if solar panel (s) is on at
dt is on at time t, * otherwise st time t, * otherwise
P Output power of solar panel s at time 5 Binary variable; V if solar panel s is
st t (kW : started up/shut down at time t, * otherwise
P Output power of wind turbine w at time u Binary variable; ) if wind turbine w is on
Wit t (kW) wt at time t, * otherwise
s Binary variable; ) if wind turbine w is p Charged power of the electric vehicle v
Wt started up/shut down at time t, * otherwise at time t (kW)
X Discharged power of the electric vehicle v u Binary variable; V if the electric vehicle v is
vt at time t (kW) XVt discharging at time t, * otherwise
u Binary variable; ) if the electric vehicle v is P Charged power of the battery b
vt charging at time t, * otherwise bt at time t (kW)
X Discharged power of the battery b u Binary variable; ) if the battery b is
b.t at time t (kW) b.t charging at time t, * otherwise
Uy g Binary variable; ) if the battery (b) is discharging at time t, * otherwise
oo oyl y £ Jsur
Table 4. Model parameters.
Parameter . ___Definition . Parameter . Definition .
C Repair and maintenance costs of hydroelectric C Marginal costs of hydroelectric power
0. het power plant he at time t (currency) he.t plant he at time t (currency
Yie Hydroelectric power plant on/off cost (curre Tay Reliability Ogglgﬁfé powet plant d
. Marginal costs of diesel power plant d
Cre Fuel cost at time t (currency) Cys at time t (currency)
C Repair and maintenance costs of diesel power v Diesel power plant on/off
0.d.t plant (d) at time t (currency) d cost (currency)
: . Rated power of diesel power plant d
Ry Diesel power plant power increase rate | S at time t (k\g)
UT Minimum operating time for diesel DT Minimum downtime for diesel
d power plant d power plant
C Marginal costs of solar panel s at C Solar panel repair and maintenance
st time t (currency 0.5.t costs s at time t (currency)
Y, Solar panel on/off cost (currency) R, Solar panel power increase rate
Prealst Rated power of solar panel s at time t (kW) o Reliability of solar panel s at time t
UT, Minimum working time for solar panel DT, Minimum downtime for solar panels
E, Daily solar energy limit T, Reference temperature (Celsius)
T, Average temperature (Celsius) Td Course Collection
Gac Radiation at time t Ggr Standard radiation
C Wind turbine marginal costs w at C Wind turbine repair and maintenance
w.t time t (currency) 0.w.t costs w at time t (currency)
Y, Wind turbine on/off cost (currency) R, Wind turbine power increase rate
Preatwt Rated power of wind turbine w at time t (kW) Tt Wind turbine reliability w at time t
UT,, Minimum operating time for wind turbine DT,, Minimum downtime for wind turbine
K. Wind turbine cut-off speed (m\s) K, Nominal wind turbine speed (m\s)
. . . Percentage of wind turbine
K Wind turbine cutting speed (m\s) 0 ole ctngcity production
C Cost of destruction and depreciation of C Cost of using an electric car
deg electric car (currency) con (currency)
C.. Electric car repair and maintenance costs C Marginal costs of electric cars
mir (currency) v (currency)
P Rated charging power of electric car v Rated discharge power of electric
real.v.t at time t (kW) real.x.v.t machine v at time t (kW)
n, Electric car efficiency D, Electric gltagggi %ﬁ&\l}(\i{)demand v




SOC, Electric car charging status SOC, Battery charge status
C Battery repair and maintenance costs C Battery destruction and depreciation
bme (currency) b cost (currency)
Cee Battery charging cost (currency) Cac Battery discharge cost (currency)
. . Rated battery disch b
Prealbt Rated battery charging power b at time t (kW) Prealxbit ated ba af Ig/melstc (1?{5)6 power
Ny, Battery efficiency E, Battery energy capacity
R Reliability required PRICE Selling pri%(e:uprsérlllél;g of energy
Dun.t Unmet demand at time t (kW) D, Load demand at time t (kW)
M A very large positive number € A very small positive number
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Fig 6. Comparing actual generated powers

with [16] (kilowatts).

Time [16] | MILP | ELM-GA
00:00—1:00 | 29.6 | 43.7 | 156.3
1:00—-2:00 | 192 | 42.1 | 1579
2:00-3:00 | 256 | 54.0 | 166.5
3:00-4:00 | 13.8 | 63.4 | 180.5
4:00-5:00 | 11.5] 734 | 177.6
5:00-6:00 | 11.1 | 70.6 | 173.8
6:00—7:00 | 18.9 | 76.0 | 172.4
7:00—-8:00 | 30.9 | 54.0 | 150.8
8:00—9:00 | 58.6 | 64.5 | 157.5
9:00—10:00 | 34.0 | 58.3 | 153.2
10:00—11:00 | 75.6 | 46.2 | 146.7
11:00—12:00 | 69.8 | 52.3 | 150.0
12:00—13:00 | 63.2 | 41.0 | 138.8
13:00—14:00 | 60.2 | 34.8 | 135.9
14:00—15:00 | 80.5 | 59.6 | 155.2
15:00—16:00 | 60.9 | 50.1 | 151.9
16:00—17:00 | 48.3 | 35.9 | 140.6
17:00—18:00 | 44.7 | 37.6 | 138.8
18:00—19:00 | 31.5 | 37.2 | 1394
19:00—20:00 | 30.0 | 36.5 | 140.1
20:00—21:00 | 30.0 | 50.6 | 148.5
21:00—22:00 | 30.0 | 49.7 | 150.0
22:00—23:00 | 32.6 | 48.6 | 151.2
23:00—24:00 | 29.5 | 46.7 | 153.1
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Table 5. Total rated power of each type of power plant

studied in the study [16].

Power Plant Diesel | Solar| Wind | Battery

Total rated power 30 40 | 50 4

(kW)
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Table 7. Comparison of the speed and quality of solving the two methods MILP and ELM-GA in small-dimensional problems

Solution time (seconds) | Objective function (million) Optimality gap
Number of units %)
MILP ELM-GA MILP ELM-GA &
10 0.129 45 29913 -1036 45.1
12 0.137 5 -1022.5 -1177 15.1
14 0.252 7 -1022.5 -1215 18.8
16 0.255 9 -1022.6 -1285 25.7
18 0.258 11 -1022.6 -1340 31.0
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Table 8. Comparison of the speed and quality of solving the two methods MILP and ELM-GA in medium-dimensional problems.

Solution time (seconds) | Objective function (million) | Optimality gap
Number of units %)
MILP ELM-GA MILP ELM-GA E
20 0.42 23 -2124.97 -2173 2.3
24 0.97 67 -2125 -2320 9.2
28 1.45 94 -2125.02 -2338 10.0
32 1.80 131 -2125.05 -2341 10.2
36 2.54 173 -2125.1 -2397 12.8
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Table 9. Comparison of speed and quality of MILP and ELM-GA in large dimensions.
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T — Solution time Objective function (million) | Optimality gap
MILP ELM-GA MILP ELM-GA (%)
42 6 (s) 14 (min) | -3227 -3886 20.4
50 100 (s) 56 (min) -4330 -4755 10.3
60 More than 48 hour | 180 (min) | -5432 -5670 4.4
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