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Efficient and reliable scheduling of power generating units in the unit commitment problem
using the Tardigrade optimization algorithm

Introduction. The unit commitment (UC) problem is a critical operational task in power systems, involving the optimal scheduling of
generating units while meeting demand, satisfying technical constraints, and minimizing operating costs. Due to its combinatorial nature,
nonlinear characteristics, and numerous interdependent constraints, UC poses a highly complex optimization challenge. Metaheuristic
algorithms have demonstrated strong potential in addressing such large-scale problems; however, many existing methods struggle to
maintain a proper exploration—exploitation balance, limiting their performance in dynamic UC environments. Problem. Traditional
metaheuristic algorithms ofien suffer from premature convergence, inadequate local refinement, or dependency on control parameters that
require tuning. Such limitations reduce robustness and adaptability when dealing with UC'’s intricate search landscape. Therefore, there is a
need for a parameter-free, self-adaptive optimization algorithm capable of reliably solving UC with high efficiency and convergence
stability. The goal of this study is to develop an efficient and reliable scheduling framework for power generating units in the UC problem by
employing the tardigrade optimization algorithm (TOA) and to demonstrate its effectiveness compared with established optimization
techniques. Methodology. TOA is inspired by the active and cryptobiotic survival behaviors of tardigrades. The exploration phase imitates
active adaptive locomotion to broaden global search, while the exploitation phase abstracts cryptobiotic stability to refine solutions locally.
These mechanisms are formulated through adaptive state-transition operators that adjust search behavior automatically without external
parameters. TOA is applied to a 24-hour UC problem consisting of 10 generating units under realistic load and operational constraints. Its
performance is benchmarked against 6 widely used metaheuristic algorithms. Results. The proposed TOA achieves the lowest total
operating cost, exhibits strong convergence behavior, and demonstrates high consistency across independent runs, outperforming all
comparative methods. The scientific novelty lies in introducing a biologically inspired, parameter-fiee, self-adaptive metaheuristic
algorithm. Its practical value is validated through superior performance in UC scheduling, indicating strong potential for broader power
system optimization tasks. References 21, tables 3, figures 3.

Key words: tardigrade optimization algorithm, unit commitment problem, metaheuristic algorithm, power system
optimization, power generating unit.

Bcemyn. [Ipobnema 30608 ’s3anb 3a nomyoichicmio oouruys (UC) € KpumuuHo 6adciusum ONepayiiiHumM 3a80aHHIM 6 eHePeemUYHUX
cucmemax, Wo 6KIIYAE ONMUMATbHE NIAHYBAHHSA 2EHEPYIOUUX ONIOKIE 3 OOHOUACHUM 3A00601EHHAM NONUNLY, MEXHIUHUX 0OMedceHb ma
Minimizayicro exchayamayitinux eumpam. Hepe3 c6or0 KoMOIHAMOPHY Npupody, HeNHIHI XapaKmepucmuKy ma YUCIeHHi 63aEMO3ANECHCHI
oomedxncenns, UC cmeoproe Oydice cknaony 3adayy onmumizayii. Memaegpucmuuni anzopummu npoOeMOHCIMpY8any 3HAYHUL nomeHyian y
BUPIUEHH] MAKUX MACWMAOHUX NpoOem, 00HAK O6azamo ICHYIOYUX Memooig Maroms mpyoOHOWi 3 NIOMPUMKOIO HAIEHCHO20 OANAHCY MidC
PO36IOKOI0 ma  eKcnayamayielo, wo obmexcye iXwio npooykmusuicme y Ounamiunux cepedosuwjax UC. Ilpoonema. Tpaouyiiini
MEeMAesPUCMUYHI aN2OPUMMU HACMO CIMPAdICOaiontb 8id nepeoyacHoi 30iX4cHOC, HEOOCMAMHBLO2O NOKATLHO20 YIMOUHEHHS AD0 3A1eHCHOCMI
60 napamempie KepyearHsl, sIKi ROMpedylomy HAnawniy8anHs. Taki 0OMedNCeHHs 3HUICYIONb CIMELKICIb MA a0anmueHicmy npu pooomi 3i
cxnaonum aanowagmom noutyky UC. Tomy icuye nompebda 6 besnapamempuiHomy, camoaoanmusHoMy aneopummi onmumizayii, 30amHomy
Haoitino supiutyeamu UC 3 8ucoxoio eqpexmugricmio ma cmabinbhicnio 30ixichocmi. Memoro pobomu € po3pooka egpekmueHoi ma HaditiHoi
cucmemu nIaHy8anHs pobomu enepeobnoKia y 3a0aui onmumizayii enepeocucmemu 3 GUKOPUCIAHHAM AN2OPUMMY ONMUMI3AYi] MUXOX000K
(TOA) ma demoncmpayis it egpexmusHocmi nopignsino 3 icHyrouumu memooamu onmumizayii. Memoouxa. TOA namxuennuti akmugHo ma
KpUnmoOiomuynoio nogeoinKoio muxoxo0oK, CHpIMOBAHOI0 Ha eudcudanhs. Daza 00CniOdNceHHs IMIMye akmuste a0anmusHe nepecysanHs
0715 PO3UIUPEHHSL 2100ATbHO20 NOULYKY, MO0i AK (haza excniyamayii abcmpazye KpunmooiomudHy cmadinbHicme 015 T0KATbHO20 YIMOUHEHHs
piwens. Lli mexauizmu opmynoromscs 3a 00NOMO2010 GOGNMUBHUX ONEPamopie nepexody CMAHie, SIKi asMOoMAMUYHO KOPU2yiomb
nosedinKy nowyky 6e3 3osniwnix napamempis. TOA 3acmocosyemucsi 00 24-2oounnoi 3adaqi UC, wjo cknadacmucsa 3 10 cenepyiouux 610kie
3a peanvhux obmedicensy naganmaycenns ma excniyamayii. Hoeo npodyxmuenicmy nopisuiocmscs 3 6 wupoko 6UKOPUCTIOBYSAHUMU
Mmemaegpucmuunumu aneopummamiu. Pezynemamu. 3anpononosanuii TOA Oocsieae HAUHUINICUUX 3G2ANbHUX eKCNIYAMAYIUHUX eumpam,
0eMOHCMPYE 3HAUHY NOBEOTHKY 30IICHOCII MA OEMOHCMPYE GUCOKY Y3200JICEHICMb ) HE3ANICHCHUX 3aNYCKAX, NEPeGepULyIOUU 6Ci NOPIGHANbHI
memoou. Haykoea mnoeusna nonseac 'y  6npoeaodicenni  OIONO2IHO  HAMXHEHHO20, 6e3napamempuiHozo,  camoadanmueHo0
Memaespucmuunozo anzopummy. Hoeo npakmuuna winnicms niomsepodicena sucoxoio npodykmuswicmio y nianyéanni UC, wo 6Kazye na
SHAYHUL NOMEHYIAN O WUPUUX 3a80aHb onmumizayii enepeocucmemu. biomn. 21, Tadm. 3, puc. 3.

Knrouoei crosa: anroputM onTuMisamii THXOXOAKM, 3aBJAaHHA IIAHYBAHHS PO0OOTH eHepro0JIOKiB, MeTaeBPHCTUYHMIA
aJIrOPUTM, ONITUMI3allisi eHeprocucTeMH, eHeproreHepyo4a ycTaHOBKA.

Introduction. The unit commitment (UC) problem
is a fundamental optimization task in power system
operation, aimed at determining the on/off status of
generating units and the optimal allocation of their output
power over multiple time intervals [1]. The primary
objective is to satisfy system load demand while
minimizing the total generation cost, subject to the
operational constraints of power units. Due to its
economic and operational significance, UC mathematical
models play a central role in planning and decision-
making for power system operators [2].

The UC problem is inherently combinatorial and
nonlinear, as it involves both discrete decision variables
(unit status) and continuous variables (generation levels).

Efficient solution methods are therefore crucial for
achieving optimal system performance while respecting
physical and operational constraints [3]. Metaheuristic
algorithms have shown effective applications in solving the
UC problem, providing near-optimal solutions within
reasonable computational effort and successfully handling
its nonlinearity and combinatorial complexity [4, 5].
Metaheuristic algorithms are stochastic, population-
based optimization techniques inspired by natural,
biological, social or physical processes. Their key
strength lies in their ability to handle multimodal,
nonlinear, high-dimensional and derivative-free problems
with reasonable computational effort [6]. Metaheuristics

© S.A. Alomari, A. Smerat, O.P. Malik, M. Dehghani, Z. Montazeri

Electrical Engineering & Electromechanics, 2026, no. 2

15



are capable of escaping local optima through probabilistic
exploration mechanisms while providing high-quality
near-optimal solutions, making them highly suitable for
UC scheduling and similar engineering challenges [7-11].
Numerous well-known metaheuristic methods — genetic
algorithm (GA) [12], particle swarm optimization (PSO)
[13], gravitational search algorithm (GSA) [14], and
many recently developed nature-inspired algorithms —
have demonstrated notable success in improving UC
solution quality compared to deterministic approaches.

However, despite their effectiveness, metaheuristics
inherently rely on stochastic operators and therefore can
not guarantee convergence to the global optimum [15].
Their performance critically depends on maintaining an
appropriate balance between exploration (searching new
regions) and exploitation (refining existing promising
solutions) [16, 17]. According to the no free lunch
theorem [18], no single metaheuristic can outperform all
others across every optimization scenario, motivating
continuous research into new algorithms capable of
offering improved performance, adaptability, and
robustness for specific classes of problems such as UC.

In this context, biological systems exhibiting
exceptional adaptability and resilience provide a rich
source of inspiration for designing new optimization
methods. One such organism is the tardigrade (Tardigrada),
a microscopic extremophile renowned for its unmatched
survival strategies, including cryptobiosis, adaptive
locomotion, and reactive environmental exploration. These
behaviors naturally align with the fundamental principles of
optimization — particularly the dynamic interplay between
global exploration and local exploitation.

Motivated by these unique biological characteristics,
this study introduces a novel population-based metaheuristic
method called the Tardigrade Optimization Algorithm
(TOA). In TOA, the exploration mechanism models the
tardigrade’s adaptive roaming across micro-environments in
search of favorable conditions, while the exploitation
mechanism mimics its cryptobiotic stability and localized
reactivation behavior under improved environmental
conditions. This biologically inspired modeling enables
TOA to achieve a dynamic and efficient balance between
wide-range search and precise local refinement.

The goal of this study is to develop an efficient and
reliable scheduling framework for power generating units in
the UC problem by employing the tardigrade optimization
algorithm (TOA) and to demonstrate its effectiveness
compared with established optimization techniques.

The major contributions of this study are as follows:

e development of the TOA, inspired by the unique
adaptive and cryptobiotic behavior of tardigrades;

e formulation of a mathematical search model
capturing both large-scale exploration and small-scale
exploitation through biologically inspired mechanisms;

e application of TOA to the UC scheduling problem
and comprehensive simulation studies validating its
effectiveness;

e comparative performance assessment against
modern metaheuristic algorithms, demonstrating superior
robustness, convergence ability, and solution accuracy.

Problem definition. UC problem. In this section,
the mathematical formulation of the UC problem is

presented, which serves as the basis for optimization

using the proposed TOA.
Mathematical formulation. The UC problem
involves determining the operational schedule of

generating units over a predefined time horizon while
satisfying demand and operational constraints, with the
ultimate objective of minimizing total generation cost. This
mathematical representation provides a rigorous framework
for modeling the complex interactions between unit
statuses, generation levels and system requirements.
Objective function. The primary objective of the
UC problem is to minimize the total generation cost
across all units and time periods. The cost is typically
represented as a quadratic function of the generated power
for each unit, reflecting fuel and operational expenditures:

Ng
minC, = Z(ai +b;P, + cl.Pf,), (1)
i=l
where C, is the total generation cost at time period #; Ng is
the total number of generating units; P;, is the power
output of unit i at time ¢, a;, b, c; are the fuel cost
coefficients of unit i, capturing the fixed, linear and
quadratic components of the generation cost function.

This objective function accurately models the
relationship between unit generation levels and
operational costs, allowing the evaluation of alternative
commitment strategies in a quantitative manner.

Decision variables. The UC problem involves two
types of decision variables:

1. Unit status (binary variable). The binary decision
variable u;, is indicating the ON/OFF status of unit i at time
t (u;, = 1 if the unit is ON, and u;, = 0 otherwise):

. {1, if unit i is ON at time £;
it =

. . )
0, if unit i is OFF at time ¢.

2. Unit generation level (continuous variable):

P, >0. 3)

These two variables are interdependent, as a unit can
generate power only when it is switched ON.

Constraints. The UC problem is subject to a set of
operational and system constraints, which ensure
feasibility, reliability, and safety of power system
operation. Each constraint is explained in detail below:

1. Power balance constraint. The total generated
power must exactly meet the system load demand at each
time interval:

Ng

Zui,tpi,t :PtD ’ “4)

i=
where PP is the system load demand at time ¢. This
constraint guarantees that electricity supply matches
demand continuously, preventing shortages or surpluses.

2. Generation limits of units. Each unit must
operate within its minimum and maximum generation
capacities when it is ON:

Ui P imin <P i S Uiy P imax, (5)
where P™ P™* are the minimum and maximum
generation limits of unit 7. This constraint ensures
operational feasibility by restricting generation to
allowable ranges and enforcing that units produce zero
output when they are OFF.
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Introducing and mathematical modeling of the
TOA. This section introduces the proposed TOA, a novel
bio-inspired metaheuristic designed to simulate the
adaptive, survival-oriented behaviors of Tardigrades
(water bears) in natural environments. The algorithm is
mathematically modeled to be applicable across a wide
variety of optimization problems in engineering, science
and artificial intelligence. The TOA models 3 essential
biological processes of tardigrades (free aquatic motion,
local feeding and survival behavior, and the tun
mechanism for revival) each corresponding to
exploration, exploitation and adaptive switching between
these 2 main phases.

Behavioral analysis of tardigrades and core design
concept of TOA. Tardigrades are microscopic invertebrates
known for their extraordinary ability to survive under
extreme environmental conditions, including desiccation,
freezing, radiation and vacuum. Their adaptability originates
from a series of behaviors that allow them to explore,
exploit, and survive in fluctuating environments. These
behaviors are abstracted and mapped into three
computational phases in the proposed algorithm:

¢ Exploration phase corresponds to the fiee locomotion
and  foraging behavior of tardigrades in aquatic
environments. In this state, tardigrades move freely to
discover new regions containing food or suitable conditions.
This inspires wide, randomized search movements across the
problem space.

o Exploitation phase corresponds to localized feeding
behavior in nutrient-rich microenvironments. Once a
tardigrade identifies a favorable area, it remains locally
active with small and precise movements to optimize
feeding. This is analogous to local fine-tuning around
promising solutions.

e Switching phase (tun mechanism) corresponds to
cryptobiosis (tun state), a survival response when the
environment becomes hostile. The tardigrade dehydrates,
halts metabolism, and later revives with renewed energy. In
the algorithm, this mechanism controls the transition
between exploitation and exploration, allowing the
population to escape stagnation and restore diversity.

Through this behavioral mapping, TOA achieves a
biologically motivated balance between global exploration,
local exploitation, and adaptive restarts, resulting in efficient
convergence while preventing premature stagnation.

Initialization process of the TOA. At the beginning
of the optimization process, the TOA initializes a
population of tardigrades with N member, each
representing a candidate solution in the m-dimensional
search space. The population matrix X is defined as:

xl,] e xl,d e xl’m
X = X1 Xid 0 Xim B (6)
RIA! XN.,d XNm Jnrm

where each element x;, is the position of tardigrade i in
dimension d.

The initial positions are randomly generated within
the problem’s lower and upper bounds:

Xia = Ibg+ r-(uby— Iby), (7
where /by, ub, are the lower and upper bounds of the dt
dimension; » ~ U(0, 1) is the uniformly distributed
random number.

The fitness of each tardigrade is evaluated using the
objective function F:

(R] [F)]
F=|F | = Fl)| . ®
_FN_N><1 _F(X )_le

Exploration phase. The exploration phase models
the free aquatic movement of tardigrades as they search
for new sources of nutrients. This behavior corresponds to
global exploration in the search space — large stochastic
movements toward promising regions. Each tardigrade
identifies potential food locations among members with
better fitness values, including the global best position:

Food;= € {Xi| Fy < F; U Xpeyt}. )

Then, each tardigrade updates its position according to:

X =X+ Lr(Food; — LX) + AX," (1), (10)
where [Ire {1, 2} are integer control parameters
determining interaction intensity; »; ~ U(0, 1) is a random
coefficient controlling stochastic motion. The perturbation
term AX,”'() is a random hydrodynamic disturbances:

1-2
axP'(e)=p, -w-|ub—lb|,
1+7;
(t+1)*7
where P€ {0, 1} determines the presence of noise, and
ri~U(0, 1).
The updated position is accepted if it improves the
fitness:

(1D

Pl . Pl .
X.:{Xi AT B < E (12)

X;, else.

This formulation allows each tardigrade to move
dynamically toward better regions while maintaining
stochastic diversity, thus effectively performing wide
exploration.

Exploitation phase. Once a tardigrade finds a
resource-rich region, it limits its movement to fine
adjustments in the local area. This behavior corresponds
to the exploitation phase of optimization.

The local search is expressed as:

X2 =X+ ory(Food, ~ I:X) + AX (1), (13)

The local random perturbation term AX.*(?) is
defined as:

”

Asz(t): P, '%'(Xbest —1y 'Xi)’
(t+1)*"

where r; ~ U(0, 1) and I-€ {1, 2}.

The adaptive coefficient o controls the intensity of
local movement and gradually decreases with iterations,
ensuring convergence:

o=1-(@/D"". (15)

Finally, the updated position is accepted if it

improves the fitness value:

xFP? it FP? < F;
X;, else.

(14

(16)
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This phase simulates precise micro-movements of
tardigrades near favorable food sources, analogous to
local refinement around optima.

Tun mechanism: adaptive switching between
phases. Tardigrades enter the fun state when exposed to
unfavorable conditions and later revive once the
environment becomes suitable again. In TOA, this
phenomenon is abstracted to govern the switching
between exploitation and exploration.

If a tardigrade’s position does not improve for
several consecutive iterations (7)), or if the food location
becomes less favorable, the algorithm triggers the tun
mechanism and reactivates exploration.

The phase update rule is defined as:

Update phase for member i :

switch to exploration, 7§; > 7;

(17)

switch to exploration, F; < Fr,,4 ;

stay in exploitation, else.

where 7is the maximum allowable stagnation duration.
The counter 7; is updated in each iteration as:
Y I 0,

. t+1 t.
TS, = 0, if F;™" <F;;
TS; +1, else.

When the tun mechanism is activated, the tardigrade
regenerates its energy and re-enters the exploration phase
from an improved position close to the global best:

(18)

X™ =X+ 1y (Xpew — 15°X0); (19)
™ - ™ .
X, - XM, it B < F, 20)
X;, else.

where X, is the newly calculated position for the i-th
individual based on the tun mechanism; F/™ is the
corresponding objective function value.

This mechanism helps the algorithm recover
diversity, escape local optima and maintain global search
ability throughout the optimization process.

Simulation studies and experimental analysis of
the UC problem. This section presents a comprehensive
analysis of the performance of the proposed TOA in
solving the UC problem.

Case study. To evaluate the effectiveness of the
proposed TOA in solving the UC problem, a comprehensive
case study is designed. The case study considers a power
system comprising 10 generating units, with diverse
operational characteristics and cost parameters. The detailed
specifications of each generating unit including maximum
and minimum generation capacities (P,"™ and P,"™") and fuel
cost coefficients (a;, b;, ¢;) are summarized in Table 1. These
parameters provide a realistic basis for simulating
operational costs and constraints.

The planning horizon for this study is set to 24
hours, representing a typical daily operation schedule.
The hourly system load demand (P”) over the 24-hour
period is defined as follows: P° = (700, 750, 850, 950,
1000, 1100, 1150, 1200, 1300, 1400, 1450, 1500, 1400,
1300, 1200, 1050, 1000, 1100, 1200, 1400, 1300, 1100,
900, 800) MW. This load profile captures variations in
electricity demand throughout a typical day, reflecting

peak and off-peak periods that challenge the scheduling
and dispatch of generating units.

Table 1
Generators data

Unit| P"™, MW | P MW | ¢, $ | b, MW | ¢, $/MW*
1 455 150 1000 16.19 0.00048
2 455 150 970 17.26 0.00031
3 130 20 700 16.6 0.002
4 130 20 680 16.5 0.00211
5 162 25 450 19.7 0.00398
6 80 20 370 22.26 0.00712
7 85 25 480 27.74 0.00079
8 55 10 660 25.92 0.00413
9 55 10 665 27.27 0.00222
10 55 10 670 27.79 0.00173

The selected network configuration provides a
realistic test bed for evaluating TOA performance,
incorporating units with a wide range of generation
capacities, fuel costs, and operational constraints. The
case study network is modeled as a simplified system
with a single-bus load representation, allowing focus on
the commitment and dispatch problem without the
additional complexity of transmission constraints. Each
generating unit is assumed to operate independently, but
the total generation must satisfy the system demand in
every hour while respecting minimum and maximum
generation limits, as well as the binary commitment status
of each unit.

By employing this case study, the proposed TOA
algorithm is tested under practical operational conditions,
enabling assessment of its ability to generate cost-
effective, feasible schedules and to balance exploration
and exploitation effectively in a real-world power system
scenario. This approach provides a robust framework for
comparative analysis against other state-of-the-art
metaheuristic methods.

Simulation results. The TOA is implemented for
the 24-hour planning horizon described in the case study,
and the results are summarized in Table 2, which details
the hourly generation schedule of each unit alongside the
corresponding hourly generation cost.

Table 2 provides the optimal power output for each
generating unit across all 24 hours, ensuring that the
system demand is met while respecting unit-specific
constraints such as minimum and maximum generation
limits. The hourly cost of supplying energy is also
reported, allowing for an assessment of cost variations
throughout the day.

From the results, it is observed that the minimum
hourly generation cost occurs at hour 1, with a value of
$13,683.13, while the maximum hourly generation cost is
recorded at hour 12, amounting to $33,932.85. The total
generation cost for the entire 24-hour period is calculated
to be $560,497.99, demonstrating the efficiency of TOA
in minimizing operational costs under realistic operational
conditions.

The generation schedules shown in Table 2 indicate
that TOA successfully allocates power outputs in a
manner that meets the hourly system demand while
maintaining operational feasibility for all units.
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Results obtained from TOA in optimizing the UC problem

Table 2

Hour| Cost,$ | GI, MW | G2, MW | G3, MW | G4, MW | G5, MW | G6, MW | G7, MW | G8, MW | G9, MW | G10, MW
1 |13683.13| 455 245 0 0 0 0 0 0 0 0
2 | 1455431 455 |294.9892 0 0 0 0 0 0 0 0
3 | 16892.93 | 454.0284 | 265.973 0 129.9987 0 0 0 0 0 0
4 | 19261.7 | 454.7526 | 235.2669 | 129.9902 | 129.9902 0 0 0 0 0 0
5 | 20132.57 | 454.9878 | 285.0178 | 129.9972 | 129.9972 0 0 0 0 0 0
6 | 22396.72 | 452.8644 | 363.8085 | 125.8501 | 129.8987 | 27.57826 0 0 0 0 0
7 | 23267.58 | 454.996 | 423.1044 | 117.084 | 129.804 | 25.01165 0 0 0 0 0
8 |24150.11| 455 455 130 130 | 29.98856 0 0 0 0 0
9 |27320.34 | 450.3331 | 450.3272 | 127.845 | 123.1917 | 100.5967 | 22.34973 | 25.35662 0 0 0
10 | 30154.94 | 4543235 | 454.3237 | 129.8694 | 128.3279 | 136.2574 | 54.2766 | 27.12575 | 15.49565 0 0
11 | 32042.39 | 454.9642 | 454.9642 | 129.3439 | 128.417 | 161.1025 | 44.04084 | 25.06252 | 30.86957 | 21.2352 0
12 | 33932.85 | 454.9856 | 454.9858 | 129.9251 | 129.9251 | 161.9093 | 74.2046 | 38.19795 | 32.77667 | 13.07466 | 10.01527
13 |30324.48 | 453.9498 | 453.8795 | 129.5039 | 129.5039 | 106.284 | 65.80941 | 51.03695 | 10.03235 0 0
14 | 27444.02 | 452.5941 | 452.5941 | 129.9926 | 129.9926 | 28.77119 | 79.78389 | 26.27156 0 0 0
15 |24151.93 | 454.7145 | 454.7145 | 130 130 30.569 0 0 0 0 0
16 |21005.99 | 454.0312 | 335.9734 | 129.9977 | 129.9977 0 0 0 0 0 0
17 [20132.99 | 454.4689 | 285.532 | 129.9996 | 129.9996 0 0 0 0 0 0
18 [22397.25 | 454.868 | 383.3131 | 106.697 | 129.9719 | 25.14999 0 0 0 0 0
19 [24147.18| 455 455 130 130 | 29.84141 0 0 0 0 0
20 |30232.79 | 454.9843 | 454.9886 | 129.7335 | 129.9606 | 105.9667 | 79.93328 | 34.41234 | 10.02059 0 0
21 |27277.48 | 454.8961 | 454.8964 | 129.9839 | 124.2223 | 90.04006 | 20.15884 | 25.80241 0 0 0
22 [22400.55 | 454.1909 | 381.7471 | 129.9388 | 108.2244 | 25.89879 0 0 0 0 0
23 | 17765.08 | 453.8843 | 316.1406 0 129.9752 0 0 0 0 0 0
24 | 15428.68 | 453.5143 | 346.4857 0 0 0 0 0 0 0 0

The results reflect the algorithm’s capability to
manage both peak and off-peak demand periods,
effectively balancing high-demand hours with cost-
efficient generation from multiple units.

Figure 1 shows the hourly load demand versus the
total generation output. It can be seen that the scheduled
generation closely follows the system demand, ensuring
full compliance with the power balance constraint. This
confirms that the TOA can generate feasible UC
schedules while satisfying demand at all times.

Load Demand vs Generation
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Fig. 1. Hourly generation and demand curves of the power
plants over the study period
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Figure 2 shows the hourly generation cost curve,
highlighting the variation in cost throughout the 24-hour
horizon. As observed, the highest hourly generation cost
occurs at hour 12, while the lowest cost corresponds to
hour 1. This trend is consistent with the system load profile,
as periods of higher demand generally lead to increased
generation costs due to the dispatch of higher-cost units.

Overall, the simulation results demonstrate that TOA
is capable of producing cost-effective and feasible UC
schedules across all hours of the day, handling the
complexity of multiple units with diverse operational

characteristics. The results confirm that TOA is a robust
and reliable optimization tool for real-world UC problems.

»10°
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1 Hourly Generation Cost
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Fig. 2. Hourly generation cost over the study period
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Comparison with metaheuristic algorithms. In
this subsection, the performance of the proposed TOA is
rigorously compared with 6 well-known metaheuristic
algorithms, namely: genetic algorithm (GA) [12], particle
swarm optimization (PSO) [13], gravitational search
algorithm (GSA) [14], whale optimization algorithm
(WOA) [19], multi-verse optimizer (MVO) [20] and
reptile search algorithm (RSA) [21]. To ensure a fair and
statistically significant comparison, TOA and each
competitor algorithm were independently executed ten
times on the same UC problem instance. The outcomes of
these runs were evaluated using 6 statistical indicators:
mean, best, worst, median, standard deviation and rank,
with results presented in Table 3. The cost metric
considered is the average cost per MWh, calculated as:

Average cost per MWh = total cost / X.P”. 21)

Table 3 highlights the statistical performance of all
algorithms across multiple runs. The results clearly
demonstrate that TOA achieves the lowest mean cost
(20.70201 $/MWh) among all algorithms, reflecting
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superior economic efficiency in the generation scheduling
problem. Furthermore, TOA attains the best recorded cost
(20.68258 $/MWh) and maintains a small standard
deviation (0.0118), indicating high solution reliability and
robustness against stochastic variations inherent to
metaheuristic optimization.

Table 3

Statistical results of the optimization algorithms for the UC problem

Algorithm| Mean Best Worst |[Median| Std |Rank
TOA 120.70201]20.68258|20.71869| 20.7 |0.0118 | 1
GA  |20.70768|20.68936|20.72181| 20.7 [0.01232| 2
PSO  |20.90376/20.84684]|20.93963| 20.9 [0.03007| 3
GSA |21.00885|20.99178|21.02262| 21 0.009 | 7
MVO |20.95189|20.88262|21.02085| 20.9 0.04207| 5
WOA 20.95449(20.90798] 21.0091 | 21 |0.03107| 6
RSA  ]20.95109|20.90124|20.99329| 21 ]0.03373] 4

The statistical comparison reveals several key insights:

1. Superior performance of TOA. TOA consistently
outperforms all other algorithms in terms of both mean
and best cost, establishing it as the most effective
optimization method for the considered UC problem.

2. Stability and robustness. The relatively low
standard deviation of TOA indicates high consistency
across multiple runs, reducing the likelihood of
suboptimal solutions.

3. Competitor analysis. GA exhibits competitive
performance with slightly higher mean cost and rank 2,
while PSO and RSA show moderate performance. The other
algorithms (GSA, MVO, WOA) display higher mean costs
and greater variability, suggesting less efficient exploration-
exploitation balance for this UC instance.

In addition to numerical analysis, Fig. 3 presents
boxplots of the cost distributions for TOA and competitor
algorithms. The boxplots visually confirm that TOA not
only achieves lower median and quartile values but also
exhibits a narrower interquartile range, reflecting both
high-quality solutions and reduced variability. The boxplots
of other algorithms, particularly GSA, WOA, and MVO,
indicate larger spread and occasional higher-cost outliers,
further emphasizing TOA’s superiority in achieving both
optimal and reliable solutions.

Comparison of Algorithms - UC

" _Cost, $ = - - _
20.95 - _ E E| i 7
B L=
20.85 - ‘+ a
20.8 - .
20.75 - .
20,7 - %l E .
TOA GA PSO GSA MVO WOA RSA

Fig. 3. Boxplot diagrams obtained from TOA and competing
algorithms on UC problems

Overall, the comparative analysis demonstrates that
TOA provides a robust, cost-effective, and highly reliable
optimization framework for the UC problem,
outperforming well-established metaheuristic algorithms
in both solution quality and stability.

Conclusions. This study presented an efficient and
reliable solution framework for the UC problem using the
TOA. The UC problem, as a fundamental operational task
in power systems, requires optimization methods capable
of handling mixed-integer decision variables, nonlinear
cost structures, and a wide range of operational constraints.
In this work, TOA was employed to schedule ten
generating units over a 24-hour horizon while satisfying
realistic operating limits and load balance requirements.

The scientific contribution of this study lies in the
development and application of a biologically inspired,
parameter-free, and self-adaptive optimization
mechanism. TOA models the unique survival strategies of
tardigrades (active mobility, localized adjustment, and
cryptobiotic stabilization) and translates these into
adaptive exploration-exploitation operators. This design
enables the algorithm to dynamically adjust its search
behavior without external parameter tuning, effectively
overcoming challenges such as premature convergence
and insufficient local refinement that commonly affect
traditional metaheuristics in UC applications.

The performance evaluation against six well-
established algorithms demonstrated that TOA consistently
achieves lower operating costs, stronger convergence
stability, and higher robustness across multiple runs. The
algorithm maintained feasibility with respect to all UC
constraints and produced reliable schedules with minimal
variability. These findings validate the practical suitability
of TOA for modern power system operations and confirm
its superiority in balancing global search efficiency and
local optimization accuracy.

Future extensions of this research can further enhance
the applicability of TOA. First, TOA may be expanded to
large-scale UC systems, multi-area networks, and
transmission-constrained environments. Second, integrating
renewable energy sources, energy storage systems, and
uncertainty modeling would allow TOA to address emerging
challenges in future power grids. Third, hybrid TOA variants
combining machine learning or local search strategies could
improve convergence speed and precision. Additionally,
multi-objective UC formulations involving cost, emissions,
and reliability merit investigation. Finally, applying TOA to
real-time UC, stochastic scheduling, and other energy
management problems represents a promising direction for
broader power system optimization.
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