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Abstract − The transportation sector remains a major contributor to global oil consumption, raising concerns related to
energy security, operating costs, and environmental sustainability. Hybrid train systems that integrate catenary electricity
with diesel propulsion offer an effective solution for reducing fuel usage and emissions, particularly on partially electrified
rail networks. However, the coexistence of multiple energy sources necessitates robust optimization strategies to ensure
efficient and cost-effective power allocation. This study presents a comparative investigation of energy management
optimization in a hybrid train system developed at Madiun State Polytechnic using two distinct approaches: Quadratic
Programming (QP Linear) and Genetic Algorithm (GA). The optimization objective is to minimize the total operational
cost while satisfying time-varying power demand, source capacity constraints, and penalty conditions associated with load
imbalance and curved track operation. The proposed formulation incorporates power balance constraints and cost-weighted
energy allocation to reflect practical operating conditions. Simulation results indicate that both QP and GA converge
to an identical optimal solution with a total cost of 2698.80. The optimal strategy maintains the pantograph output at
approximately 114 kW, with incremental power demand supplied by the diesel engine. Increased diesel utilization is observed
during curved track segments due to additional mechanical load requirements. While both methods achieve the same
optimal solution, their computational characteristics differ substantially. QP Linear yields fast, deterministic, and repeatable
solutions owing to the convex structure of the optimization problem, whereas GA requires a larger number of iterations
but provides greater flexibility for non-linear and non-convex optimization scenarios. These findings suggest that QP is
well suited for structured and real-time hybrid train energy management applications, while GA remains advantageous
for complex systems involving higher degrees of non-linearity and uncertainty. The results provide practical insights for
selecting appropriate optimization techniques in hybrid railway propulsion systems.
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I. INTRODUCTION

SEVERAL sectors worldwide continue to exhibit
a high dependence on oil-based energy, with the

transportation sector remaining the dominant consumer.
This trend is reflected in medium-term global energy
outlooks, which indicate a persistent increase in oil
demand. In 2024, global oil consumption reached ap-
proximately 103 million barrels per day (mb/d) and is
projected to rise to around 113 million barrels per day
(mb/d) by 2030 [1]. Such growth not only intensifies
pressure on energy supply chains but also exacerbates
price volatility and energy security risks, reinforcing
oil’s strategic yet vulnerable role in the global energy
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system.
In response to these challenges, substantial global

efforts have been directed toward the electrification of
transportation systems as a means to reduce depen-
dence on fossil fuels. Among various alternatives,
hybrid train technology has emerged as a practical
and transitional solution, particularly for railway net-
works that are not fully electrified. Hybrid trains utilize
more than one energy source for propulsion, typically
combining electric power from overhead catenary sys-
tems or onboard batteries with conventional diesel en-
gines [2]. This dual-energy configuration enables im-
proved operational flexibility while offering significant
reductions in fuel consumption and emissions. Be-
yond economic benefits, hybrid propulsion contributes
to mitigating greenhouse gas emissions and local air
pollutants, yielding positive impacts on environmental
quality and public health, especially in partially electri-
fied rail corridors [3].
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Despite these advantages, the presence of multi-
ple energy sources introduces substantial challenges in
energy management. Hybrid train systems require coor-
dinated power allocation between electricity and diesel
to avoid inefficiencies, unnecessary fuel consumption,
and increased emissions [4]. Effective energy optimiza-
tion strategies enable the prioritization of lower-cost
and cleaner energy sources, such as electricity, while
limiting diesel usage to conditions where it is strictly
required [5]. This approach not only reduces opera-
tional costs but also minimizes exhaust emissions that
adversely affect the environment [6]. Moreover, opti-
mized energy management contributes to maintaining
the performance and durability of critical components,
including diesel engines and energy storage systems,
thereby extending system lifespan and improving over-
all reliability [7]. A well-designed optimization frame-
work also ensures smooth transitions between power
sources in response to varying operational conditions,
while supporting compliance with energy efficiency
and environmental regulations [8].

Various optimization techniques have been ex-
plored in the literature to address hybrid train energy
management. For instance, the study in [9] investi-
gated energy management strategies for hybrid trains
incorporating diesel engines, electric drives, and bat-
tery systems. Using dynamic programming (DP), the
authors reported a 7.2% improvement in fuel efficiency
and fuel savings of up to 22.9% compared to conven-
tional diesel-electric locomotives. However, DP-based
approaches often suffer from high computational com-
plexity, commonly referred to as the curse of dimen-
sionality, as well as scalability issues associated with
expanding state grids [10]. These limitations restrict
their applicability in real-time or large-scale operational
scenarios.

Heuristic optimization methods, particularly Ge-
netic Algorithms (GA), have also been widely applied
in railway energy management problems. In [11], an
improved adaptive genetic algorithm (AGA) was used
to optimize train speed profiles, achieving enhanced
punctuality and energy efficiency compared to conven-
tional GA. Additional studies have demonstrated that
GA-based approaches can effectively optimize speed
control and battery management in DC electric train
systems, resulting in power consumption reductions
ranging from 15% to 30% under different operational
scenarios [12]. Genetic Algorithms (GAs) are widely
recognized as powerful optimization techniques for
solving non-linear and complex problems. Neverthe-
less, a well-documented limitation of GA lies in its
relatively high computational complexity, particularly
when applied to large-scale or high-dimensional op-

timization tasks. Due to their population-based and
iterative nature, GAs often require a substantial number
of generations to achieve convergence, resulting in long
execution times and increased computational cost.

Several studies have explicitly highlighted this
drawback. Vié [13] emphasizes that GAs are frequently
criticized for their computational burden, especially
when handling complex optimization landscapes, and
stresses the need for improved efficiency to enhance
their practical applicability. Similarly, Al-oqaily and
Shakah [14] report that GA-based optimization pro-
cesses may consume many hours of computation, par-
ticularly when conventional serial implementations are
used for non-linear optimization problems. Despite
these challenges, recent research has demonstrated
promising strategies to alleviate the computational lim-
itations of GAs. Goodship et al. [15] propose a GA-
accelerated optimization framework that significantly
reduces convergence time. Their results show a reduc-
tion in average convergence iterations from 477 to 143,
while the median number of iterations decreases from
280 to 105, indicating a substantial improvement in
computational efficiency. In addition, Umbarkar [16]
demonstrates that parallel implementations of GA us-
ing shared-memory architectures can significantly en-
hance performance by exploiting multiple computa-
tional cores, making GAs more feasible for large-scale
continuous non-linear optimization problems. Over-
all, these findings suggest that while GAs inherently
exhibit high computational complexity, ongoing devel-
opments in hybrid strategies, acceleration techniques,
and parallel computing architectures have considerably
improved their efficiency. As a result, GAs remain a
competitive and flexible optimization approach, par-
ticularly for complex and non-convex problems where
classical deterministic methods may not be suitable.

In contrast, Quadratic Programming (QP) has
gained attention as an efficient alternative for hybrid
energy management problems characterized by convex
objective functions and linear constraints. Owing to
its deterministic and convex mathematical structure,
QP can deliver fast and globally optimal solutions with
significantly lower computational burden compared to
heuristic methods [17]. These characteristics make QP
particularly attractive for structured and real-time en-
ergy management applications in hybrid transportation
systems.

Based on the aforementioned discussion, this
study proposes a comparative energy optimization
framework for diesel hybrid trains powered by cate-
nary electricity. The research focuses on a hybrid
train system developed at Madiun State Polytechnic
and investigates the performance of two optimization
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approaches: Genetic Algorithm (GA) and Quadratic
Programming (QP Linear). The primary objective is to
evaluate their effectiveness in minimizing operational
cost while satisfying power demand, system constraints,
and penalty conditions associated with track curvature.
By providing a direct comparison between heuristic
and deterministic optimization methods under identical
operating conditions, this study aims to offer practical
insights into selecting appropriate energy management
strategies for hybrid railway propulsion systems.

II. RESEARCH METHODS

The hybrid train system investigated in this study is
developed at Madiun State Polytechnic and utilizes two
primary energy sources, namely a diesel engine and an
external electric supply from a catenary system. The
overall system configuration is illustrated in Figure 1.
Each energy source is connected to a switching mech-
anism that enables seamless operation between diesel
mode and catenary mode depending on operational
conditions.

As shown in Figure 1, the traction motor requires a
power of 84.7 kW, while auxiliary systems consume an
additional 53.07 kW, resulting in a total power demand
of 137.77 kW. Given the presence of multiple energy
sources with different cost and capacity characteristics,
the primary objective of this study is to determine the
optimal combination of catenary and diesel power that
satisfies the time-varying power demand while minimiz-
ing the total operational cost, denoted by the objective
function J.

Figure 1: Hybrid train configuration at Madiun State Poly-
technic

i. Optimization with Genetic Algorithm (GA)

The Genetic Algorithm (GA) is employed as one of
the optimization approaches to determine the optimal
power allocation between the catenary supply and the
diesel engine. GA is selected due to its robustness in
solving non-linear and complex optimization problems
involving multiple decision variables and constraints
[18].

GA operates by emulating the process of biologi-
cal evolution, where each candidate solution is encoded
as an individual within a population. Through itera-
tive processes of selection, crossover, and mutation,
the population evolves toward improved solutions that
progressively minimize the objective function [19]. In
this study, the optimization objective is to minimize the
total energy cost over the operating horizon, which is
mathematically formulated in Equation (1).

J =
N

∑
t=1

(
ccPc(t)2 + cdPd(t)2) (1)

As expressed in Equation (1), the total cost J is
computed as the weighted sum of squared power con-
tributions from the catenary and diesel sources over N
discrete time steps. The coefficients cc and cd repre-
sent the cost factors associated with catenary and diesel
energy, respectively, reflecting their relative economic
and environmental impacts.

To ensure physical feasibility, the optimization
problem is subject to a power balance constraint, which
enforces that the combined power supplied by both
sources must meet the required load demand at each
time step. This condition is defined in Equation (2).

Pc(t)+Pd(t) = Pdem(t), ∀t = 1, . . . ,N (2)

In addition to power balance, each energy source
is constrained by its maximum available capacity.
These operational limits are imposed through the in-
equality constraints given in Equation (3).

0 ≤ Pc(t)≤ Pc,max, 0 ≤ Pd(t)≤ Pd,max (3)

In Equations (2) and (3), Pc(t) denotes the power
supplied by the catenary at time t, Pd(t) represents
the diesel engine power, and Pdem(t) is the total power
demand of the train.

For implementation within the GA framework, the
objective function in Equation (1) is reformulated as a
fitness function that maps each candidate solution to a
scalar value, as shown in Equation (4).

f (X) = J(X) (4)

However, GA does not inherently guarantee strict
satisfaction of constraints. Therefore, to penalize infea-
sible solutions that violate the power balance condition

https://journals2.ums.ac.id/emitor/article/view/14694
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in Equation (2), a penalty term is incorporated into
the fitness function. The resulting penalized fitness
function is defined in Equation (5).

f (X) = J(X)+λ

N

∑
t=1

|Pc(t)+Pd(t)−Pdem(t)| (5)

In Equation (5), λ denotes a large penalty coef-
ficient that discourages solutions violating the power
balance constraint.

During the evolutionary process, new candidate so-
lutions are generated using a crossover operator, which
combines information from two parent solutions. The
crossover operation adopted in this study is expressed
in Equation (6).

Xchild = αXparent1 +(1−α)Xparent2 (6)

Based on the objective function in Equation (1),
the constraints in Equations (2) and (3), and the penalty
formulation in Equation (5), the GA-based optimiza-
tion problem can be compactly expressed as shown in
Equation (7).

min
Pc,Pd

N

∑
t=1

(
ccPc(t)2 + cdPd(t)2)

+λ

N

∑
t=1

|Pc(t)+Pd(t)−Pdem(t)|
(7)

The optimization in Equation (7) is performed sub-
ject to the capacity constraints defined in Equation (3),
ensuring that the resulting power allocation is both eco-
nomically optimal and physically feasible.

ii. Optimization with Quadratic Programming (QP)

Quadratic Programming (QP) is adopted as a deter-
ministic optimization approach for hybrid train energy
management due to its effectiveness in solving prob-
lems characterized by a quadratic objective function
and linear equality and inequality constraints [20]. A
key advantage of QP lies in its convex mathematical
structure, which guarantees fast convergence toward a
globally optimal solution when the problem is properly
formulated.

In its standard form, the QP problem minimizes
a quadratic cost function expressed in terms of the
decision vector x, as defined in Equation (8).

min
x

1
2

xT Hx+ f T x (8)

As shown in Equation (8), the matrix H represents
the Hessian of the quadratic cost function, while the
vector f contains linear cost coefficients. The optimiza-
tion process is subject to linear equality and inequality

constraints, which ensure physical feasibility and oper-
ational limits, as formulated in Equation (9).

Aeqx = beq, Ax ≤ b (9)

For the hybrid train system considered in this
study, the most fundamental equality constraint is the
power balance condition. This constraint enforces that,
at each discrete time step, the total power supplied by
the catenary and diesel sources must exactly match
the power demand of the train. This requirement is
mathematically expressed in Equation (10).

Pc(t)+Pd(t) = Pdem(t), ∀t = 1, . . . ,N (10)

In addition to power balance, each energy source
is bounded by its respective capacity limits. These oper-
ational constraints prevent overloading of the catenary
system or the diesel engine and are imposed through
the inequality constraints defined in Equation (11).

0 ≤ Pc(t)≤ Pc,max, 0 ≤ Pd(t)≤ Pd,max (11)

To facilitate implementation within the QP frame-
work, all optimization variables are stacked into a single
decision vector, as presented in Equation (12). This for-
mulation allows the optimization problem to be solved
efficiently using standard QP solvers.

x =



Pc(1)
Pc(2)

...
Pc(N)
Pd(1)
Pd(2)

...
Pd(N)


(12)

Given the quadratic nature of the objective func-
tion, the Hessian matrix H takes a diagonal block struc-
ture, as defined in Equation (13). This structure reflects
the independent contribution of catenary and diesel
power costs across all time steps.

H =

[
2ccIN 0

0 2cdIN

]
(13)

In Equation (13), IN denotes an N ×N identity
matrix, while cc and cd represent the cost coefficients
associated with catenary and diesel energy, respectively.
The equality constraint matrix and corresponding vec-
tor are then constructed to enforce the power balance
condition in a compact matrix form, as shown in Equa-
tion (14).

Aeq =
[
IN IN

]
, beq = Pdem (14)
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The influence of track geometry on power demand
is also considered in the optimization process. As il-
lustrated in Figure 2, the hybrid train operates along
a route that includes several curved track segments.
These segments introduce additional mechanical load,
which is subsequently modeled as a penalty factor in
the optimization formulation.

Figure 2: Hybrid train turning at Madiun State Polytechnic

iii. Specification of Hybrid Train Optimizing

The optimization of energy distribution in the hybrid
train system requires a comprehensive set of input pa-
rameters that describe technical characteristics, com-
ponent capacities, and cost and penalty factors. These
parameters serve as the foundation for constructing
both the QP and GA optimization models. The com-
plete set of specifications employed in this study is
summarized in Table 1.

As shown in Figure 2, the presence of curved track
segments along the train route motivates the inclusion
of turning-related penalty factors in the optimization
process. The corresponding turning steps and penalty
values are explicitly listed in Table 1 and incorporated
into the objective function to reflect increased energy
demand during curve negotiation.

Based on Table 1, the hybrid train optimization
model is designed by considering key operational ele-
ments, including energy source capacities, load charac-
teristics, and relative cost weights. The power demand
varies from 100 to 200 kW across discrete time steps.
The primary electric supply is provided by the panto-
graph, with a maximum capacity of 114 kW, while the
diesel engine supplies up to 118 kW. In addition, the
alternator and DC bus are rated at 250 kW, ensuring suf-
ficient margin for power distribution from both sources.

The total operating load comprises a traction mo-
tor load of 84.7 kW and an auxiliary load of 53.07 kW,
resulting in an average power demand of approximately
137.8 kW. From a cost perspective, the pantograph is
assigned the lowest cost coefficient due to its higher
efficiency and lower environmental impact, whereas

diesel energy is penalized with a higher cost coefficient
reflecting its fuel consumption and emissions.

Furthermore, the optimization model incorporates
penalty factors to address power imbalance (α = 5) and
additional energy demand during curved track segments
(β = 20), which occur at time steps 3, 5, 7, and 9, as
specified in Table 1. Using these specifications, both
the QP and GA frameworks aim to identify the optimal
combination of pantograph and diesel power that meets
the required demand while minimizing total cost and
respecting all operational constraints.

The resulting optimal power allocation obtained
using the QP approach is visualized in Figure 3, which
illustrates the load-sharing behavior between the panto-
graph and the diesel engine across all time steps.

Figure 3: Optimization results of the hybrid train using
Quadratic Programming (QP)

III. RESULTS AND DISCUSSION

This section discusses the optimization results of the
hybrid train propulsion system that integrates catenary
electricity and diesel power. Two optimization ap-
proaches are evaluated, namely Quadratic Program-
ming (QP), which represents a deterministic and con-
vex optimization method, and the Genetic Algorithm
(GA), which is a heuristic approach inspired by evo-
lutionary processes. The comparison emphasizes not
only the final optimal cost values but also the resulting
power allocation patterns, convergence characteristics,
computational efficiency, and the practical implications
of each method when applied to hybrid train energy
management.

i. Results of Quadratic Programming Optimization

The optimization results obtained using the Quadratic
Programming (QP Linear) approach are summarized

https://journals2.ums.ac.id/emitor/article/view/14694
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Table 1: Hybrid Train Optimization Specifications

Components Symbol / Variables Value and Units

Number of time steps N 10
Load demand Pdem 100–200 kW (linear per step)
Pantograph capacity Pp,max 114 kW
Diesel engine capacity Pd,max 118 kW
Alternator capacity – 250 kW (380 Vac–600 Vdc)
DC bus limit Pbus,max 250 kW
Traction motor load – 84.7 kW
Auxiliary load – 53.07 kW
Pantograph cost Cp/Cc 1 (cheaper)
Diesel cost Cd 3 (more expensive)
Load penalty factor α 5
Turning penalty factor β 20
Turning steps Curve steps [3, 5, 7, 9]
QP optimization variables Z = [Pp,Pd ] 2N variables
GA optimization variables Pc N variables

in Table 2. The table presents the optimal power distri-
bution between the pantograph and the diesel engine
across ten discrete time steps. These results directly re-
flect the objective function formulation and constraints
described in Section II, particularly the cost minimiza-
tion strategy and the capacity limits of each energy
source.

As shown in Table 2, during the initial operating
stages (steps 1 and 2), the entire power demand is sup-
plied solely by the pantograph, with no contribution
from the diesel engine. This outcome indicates that the
optimization algorithm prioritizes the utilization of the
catenary system due to its lower associated cost coeffi-
cient. The pantograph power increases from 100 kW
to approximately 113.33 kW as the load demand rises,
remaining within its maximum allowable capacity.

From step 3 onward, the pantograph output
reaches its upper limit of 114 kW and remains con-
stant for the remainder of the operating horizon. Any
additional power demand beyond this limit is supplied
by the diesel engine, whose contribution increases pro-
gressively from 12.67 kW at step 3 to 106 kW at step
10. This behavior highlights the role of the diesel en-
gine as a supplementary power source that compensates
for increasing load demand and operational constraints,
particularly during curved track segments.

The influence of penalty factors is also evident in
the optimization outcome. As described in the prob-
lem formulation, additional penalties are imposed to
account for load imbalance and curved track operation.
These penalties contribute 69.47 and 80.00, respec-
tively, to the total cost. Consequently, although the
base cost function value without penalties is 2549.33,

the final optimized cost reaches 2698.80. The exit flag
value of 1 confirms that the QP solver successfully
converged to a feasible and optimal solution under the
defined constraints.

Table 2: Hybrid Train Optimization Results Using QP

Step Optimal Pantograph Power (kW) Optimal Diesel Power (kW)

1 100.000 0.000
2 113.333 0.000
3 114.000 12.667
4 114.000 26.000
5 114.000 39.333
6 114.000 52.667
7 114.000 66.000
8 114.000 79.333
9 114.000 92.667
10 114.000 106.000

Cost function (without penalty) 2549.33
Penalty load 69.47
Penalty curve 80.00

Total cost Jtotal 2698.80 (exitflag = 1)

From an operational perspective, the resulting
power allocation strategy ensures that electrical energy
from the catenary is maximized whenever possible,
while diesel energy is utilized only to meet excess de-
mand. This behavior aligns with practical energy man-
agement objectives in hybrid railway systems, where
minimizing diesel usage is desirable due to its higher
cost and environmental impact. Moreover, the smooth
transition between energy sources across time steps
demonstrates that the QP-based optimization produces
stable and physically meaningful solutions suitable for
real-world implementation.

The QP results also provide a valuable benchmark
for evaluating the performance of heuristic optimization
methods. Since the problem formulation is convex, the
solution obtained via QP can be c
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ii. Optimization with Quadratic Programming

The power allocation results obtained using the
Quadratic Programming (QP Linear) method are sum-
marized in Table 2. The results clearly demonstrate
how the optimization framework prioritizes the utiliza-
tion of catenary electricity as the primary energy source
whenever sufficient capacity is available. During the
initial operating stages (steps 1 and 2), the entire power
demand is supplied solely by the pantograph, indicat-
ing that the optimization process favors lower-cost and
more energy-efficient electric power over diesel usage
under moderate load conditions.

As the power demand increases beyond the pan-
tograph capacity, the optimization strategy transitions
to a mixed-energy operation. From step 3 onward,
the pantograph output reaches its maximum allowable
limit of approximately 114 kW and remains constant
for the remainder of the operating horizon. Any addi-
tional demand is progressively supplied by the diesel
engine, whose contribution increases in proportion to
the load demand. This gradual increase in diesel power
reflects an economically optimal load-sharing mecha-
nism, where diesel energy is used only when the electric
supply constraint is reached.

The observed power allocation pattern is further
influenced by the presence of curved track segments,
as illustrated in Figure 2. Starting from step 3, curve-
related penalty factors are incorporated into the op-
timization model to represent additional mechanical
load during turning maneuvers. As a consequence,
higher diesel power is required to compensate for the
increased resistance and traction demand. Despite these
additional constraints, the combined power output from
the pantograph and diesel engine closely follows the
required demand profile, confirming that the QP so-
lution remains feasible and well aligned with system
limitations.

From a cost perspective, the base objective value
obtained from the quadratic cost function without
penalty terms is 2549.33. When penalty components
associated with load imbalance and curved track oper-
ation are included, the total cost increases to 2698.80.
The exit flag value of 1 reported in Table 2 confirms that
the QP solver successfully converged to a feasible and
globally optimal solution. These results highlight the
robustness and reliability of the QP-based optimization
approach in handling both operational constraints and
penalty-based cost adjustments within a deterministic
framework.

The QP results also serve as an important bench-
mark for evaluating heuristic optimization methods.
Since the problem formulation is convex and the solu-
tion obtained by QP is globally optimal, it provides a

reliable reference for assessing the convergence accu-
racy of the Genetic Algorithm (GA) approach. In the
following subsection, the convergence behavior of GA
is examined and compared against this deterministic
benchmark.

Table 3: Sample Optimization Progress from Generation
331 to 345

Generation Best Function Count Mean f (x) Stall f (x)

331 63100 2699 0
332 63290 2699 1
333 63480 2699 0
334 63670 2699 1
335 63860 2699 0
336 64050 2699 0
337 64240 2699 1
338 64430 2699 2
339 64620 2699 3
340 64810 2699 0
341 65000 2699 1
342 65190 2699 0
343 65380 2699 0
344 65570 2699 0
345 65760 2699 1

Figure 4: Convergence graph using Genetic Algorithm

iii. Optimization with Genetic Algorithm

The optimization process using the Genetic Algorithm
(GA) exhibits a clear and well-defined convergence pat-
tern. As reported in Table 3, both the best fitness value
and the mean fitness value stabilize at approximately
2699 starting from generation 331. This stabilization
indicates that the evolutionary process has reached an
optimal solution region, where subsequent generations
no longer yield significant improvements in the objec-
tive function. The consistency between the best and
mean fitness values further suggests that the solution

https://journals2.ums.ac.id/emitor/article/view/14694
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population has converged uniformly, reducing the like-
lihood of premature convergence to a local optimum.

This convergence behavior is further illustrated in
Figure 4. In the early stages of the optimization pro-
cess, a rapid reduction in the fitness value is observed,
reflecting GA’s strong global search capability and its
effectiveness in exploring the solution space through
selection, crossover, and mutation operations. As the
number of generations increases, the rate of fitness im-
provement gradually decreases, and the convergence
curve begins to flatten. This transition from rapid im-
provement to gradual stabilization indicates a shift from
exploration to exploitation, where the algorithm refines
promising solutions to approach optimality.

The optimal power allocation obtained using GA
is summarized in Table 4. The resulting distribution
shows that the pantograph supplies the entire power de-
mand during the initial operating stages and continues
to operate at its maximum capacity of approximately
114 kW once that limit is reached. Beyond this point,
the diesel engine incrementally provides the remaining
power required to satisfy the increasing load demand.
This load-sharing pattern demonstrates that GA suc-
cessfully captures the operational constraints and cost
structure of the hybrid train system.

From a cost perspective, the GA-based optimiza-
tion yields a base cost value of 2549.33 when penalty
terms are excluded. When load and curve penalties are
incorporated, the total cost increases to 2698.80, which
is consistent with the converged fitness value observed
in Table 3 and the convergence trend shown in Figure 4.
The resulting hybrid train power distribution is further
visualized in Figure 5, which highlights the smooth
transition between pantograph and diesel power across
all time steps.

Overall, these results confirm that the Genetic Al-
gorithm is capable of producing a stable and physically
meaningful optimal solution for the hybrid train energy
management problem. Although the convergence pro-
cess requires a relatively large number of generations,
the final solution satisfies all system constraints and
achieves the same optimal cost value as the determin-
istic approach, demonstrating the effectiveness of GA
for this optimization task.

IV. CONCLUSION

This study presents a comparative evaluation of Ge-
netic Algorithm (GA) and Quadratic Programming (QP
Linear) methods for optimizing power allocation in
hybrid train systems that integrate catenary electric-
ity and diesel propulsion. The proposed optimization
framework aims to minimize operational cost while
satisfying power demand, system capacity constraints,

Table 4: Hybrid Train Optimization Results Using GA

Step Optimal Pantograph Power (kW) Optimal Diesel Power (kW)

1 100.000 0.000
2 113.333 0.000
3 114.000 12.667
4 114.000 26.000
5 114.000 39.333
6 114.000 52.667
7 114.000 66.000
8 114.000 79.333
9 114.000 92.667
10 114.000 106.000

Cost function (without penalty) 2549.33
Penalty load 69.47
Penalty curve 80.00

Total cost Jtotal 2698.80

Figure 5: Hybrid train optimization results using Genetic
Algorithm

and penalty conditions associated with curved track
operation. Simulation results demonstrate that both op-
timization approaches converge to an identical optimal
solution, yielding a total cost of 2698.80 and exhibit-
ing the same power distribution pattern. In both cases,
the pantograph operates close to its maximum capac-
ity, while the diesel engine supplies additional power
as demand increases, particularly during curved track
segments.

Although the final solutions obtained by GA and
QP are numerically identical, the two methods differ
substantially in terms of their computational character-
istics and optimization mechanisms. QP Linear exploits
the convex structure of the problem to achieve the op-
timal solution in a fast, deterministic, and repeatable
manner, making it highly suitable for real-time or struc-
tured energy management applications. In contrast, GA
relies on stochastic evolutionary processes and requires
several hundred generations to converge, resulting in
higher computational effort. However, this iterative
nature allows GA to offer greater flexibility in handling
non-linear, non-convex, or highly constrained optimiza-
tion problems that may not be easily addressed using
classical mathematical methods.

From an engineering perspective, the results con-
firm that effective energy management in hybrid train
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systems can be achieved by prioritizing the use of exter-
nal electric power while employing diesel energy only
when necessary to meet excess demand. This strat-
egy not only minimizes operational cost but also aligns
with broader objectives related to energy efficiency and
emission reduction. The consistency between the solu-
tions obtained using GA and QP further validates the
robustness of the proposed optimization model under
realistic operating conditions.

Future research may extend the current framework
by incorporating additional energy storage components,
such as batteries or supercapacitors, to enhance system
flexibility and regenerative energy utilization. More-
over, the application of advanced optimization tech-
niques and real-time control strategies could be ex-
plored to address dynamic operating conditions, un-
certainties, and larger-scale railway systems. These
extensions would further strengthen the applicability of
the proposed approach to next-generation hybrid and
intelligent railway propulsion systems.

REFERENCES

[1] J. Lichtblau, “World oil outlook,” Leading Edge, vol. 4,
no. 7, pp. 69–72, 2025. [Online]. Available: https:
//doi.org/10.1190/1.1439163

[2] D. Gallas, P. Michalak, and R. Cichy, “Analysis of benefits
and drawbacks of using hybrid drive special purpose
vehicles,” Rail Vehicles Szyn, no. 1–2, pp. 3–8, Jul. 2025.
[Online]. Available: https://doi.org/10.53502/RAIL-202186

[3] D. Pribula, A. Dolinayová, and M. Kendra, “Alternative
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