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This study addresses the high costs and emissions associated with diesel freight operations
on the busy Dammam—Riyadh corridor by developing a hybrid, data-driven optimization
framework that combines regression modeling, the Taguchi method, and a Genetic
Algorithm (GA). First, a multiple linear regression model was trained on 30 real freight
trips validated via 5-fold cross-validation and reporting R? = 0.87 and RMSE = 3,200 SAR
to predict total trip cost from six operational variables. Next, a Taguchi L9 orthogonal array
was used to perform a sensitivity analysis under the “smaller-is-better” Signal-to-Noise
(S/N) ratio, identifying wagon count and trip duration as the most influential factors, with
a minimum predicted cost of 42,388.64 SAR. Finally, we applied a DEAP-based GA
(population = 50; generations = 100; blend crossover; Gaussian mutation) to globally
optimize all six variables within empirically derived bounds, achieving a predicted cost of
34,054.33 SAR (= 44% reduction versus the dataset mean). Key assumptions include
linear cost relationships in the regression and fixed stop/truck counts during Taguchi
screening; limitations stem from the single-corridor dataset. This combined approach
balances rapid factor screening with precise global optimization, offering both strategic
insights and actionable recommendations for reducing freight transportation costs while
maintaining operational reliability.

1. INTRODUCTION

approach to improving the performance and cost-effectiveness
of diesel train operations. Using algorithms to optimize routes

The efficient movement of goods by rail plays an important
role in supporting a country’s economic development,
especially in areas with fast industrial expansion and growing
cities [1]. Improving how diesel freight trains operate,
particularly on busy routes like the Dammam-Riyadh
corridor-can help reduce costs and improve delivery
performance [2]. The Dammam—Riyadh corridor carries over
2 million TEU annually and represents 40% of Saudi freight
volumes [3]. This corridor connects Saudi Arabia’s main port
city with its capital, making it essential for transporting goods
and raw materials across the country.

To improve efficiency, this study uses optimization
techniques, such as the Taguchi method and Genetic
Algorithm (GA), which aim to lower costs while meeting
logistical requirements. The Taguchi method helps identify the
best settings for key factors like travel time, fuel use, and
maintenance schedules [4].

Challenges include mixed-mode transfers, variable load
profiles, and capacity constraints on both highway and rail
networks. At the same time, genetic algorithms, based on
evolutionary principles, can find efficient routes and schedules
that adapt to changing conditions and unexpected delays [2].
Combining these methods provides a strong and flexible
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has become essential for reducing congestion, ensuring on-
time arrivals, and increasing the economic value of
transportation assets. This is especially important for
developing countries, where data limitations and infrastructure
challenges make efficient planning even more critical [5].
Successfully improving transport systems requires identifying
key influencing factors, organizing common problems, and
carefully choosing the right inputs to design effective
solutions.

The primary objectives of this study are threefold: (a) to
develop and rigorously validate a multiple linear regression
model that accurately predicts freight trip costs based on key
operational variables; (b) to systematically screen and rank
these variables using the Taguchi L9 orthogonal array, thereby
identifying the most influential factors affecting cost
variability; and (¢) to leverage a GA for high-resolution, global
optimization of all control parameters within empirically
derived bounds.

It hypothesizes that this hybrid Taguchi + GA framework
will achieve at least a 30% reduction in total trip cost
compared to baseline operations, by combining rapid
experimental screening with precise evolutionary search.


https://crossmark.crossref.org/dialog/?doi=10.18280/ijtdi.090214&domain=pdf

2. THEORETICAL FRAMEWORKS FOR TRAIN
OPTIMIZATION
Optimizing  train  operations  involves  multiple

interconnected challenges such as train routing, scheduling,
and the efficient use of resources. These decisions are often
dependent on each other and must be addressed together to
improve the overall performance of the railway system.
Mathematical methods such as linear programming, mixed-
integer programming, and dynamic programming offer solid
tools for modeling and solving these complex problems [6].

Train scheduling is often modeled using mixed-integer
nonlinear programming, which helps determine the best
departure and arrival times while considering factors like track
availability, travel demand, and operational rules [7]. Since
reducing total costs is a key goal, recent models include more
detailed factors such as fuel use, crew expenses, and
infrastructure costs [8]. Lagrangian relaxation techniques
allow large problems to be broken into smaller, more
manageable subproblems, such as individual train service
tasks that can be solved efficiently using dynamic
programming to improve overall profitability [9]. Some newer
models aim to optimize both scheduling and resource
allocation at the same time. These integrated approaches are
especially useful in situations with variable demand and
limited infrastructure [9]. In addition, multi-objective
optimization has been introduced to create fairer timetables
that consider both system efficiency and passenger satisfaction
[10-12]. Because railway systems are exposed to uncertainties
such as equipment failures, bad weather, or human error, it is
important to include robustness in the optimization process.
Robust optimization methods are designed to find solutions
that continue to work well even when unexpected problems
occur [13, 14]. Similarly, stochastic programming allows
planners to include probabilities and future uncertainty in their
models, aiming to minimize risk and expected costs by
planning for a range of possible scenarios (Figure 1).

An  alternative  method, approximate  dynamic
programming, provides a flexible approach to handle complex,
sequential decision-making problems often found in
transportation and logistics. It helps develop practical
algorithms that work well even when exact solutions are
difficult to compute.

SAR 3101064

Figure 1. The first successful container handling operation
by railway in KSA

2.1 Current research on freight train optimization
Recent research in freight train optimization focuses on

improving operational efficiency, reducing costs, and
enhancing service reliability. A major area of interest is the
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development of advanced scheduling algorithms that can
respond to changing conditions and adjust train operations in
real-time. These algorithms often use predictive models to
estimate future demand and identify potential disruptions,
allowing planners to make proactive changes to train
schedules and resource use. Optimization techniques are also
applied to disruption management, especially in cases
involving infrastructure problems or limited rolling stock
capacity. In such scenarios, tools like integer programming
and rerouting models help reduce delays and maintain service
continuity. Another growing research direction is the
integration of multiple transportation modes, such as rail, road,
and sea, into intermodal freight networks. Coordinating freight
movement across these modes can lower total logistics costs
and shorten delivery times. In mixed-use networks,
researchers are exploring optimization models that balance
passenger and freight services, aiming to create efficient
schedules and freight allocation plans that maximize overall
profitability [15]. At the same time, emerging technologies,
including GPS tracking, onboard sensors, and data analytics,
are playing an increasingly important role in improving freight
operations. These tools provide real-time data on the location
and condition of trains and cargo, enabling better monitoring
and control, as shown in Figure 2.

BS
PR

Figure 2. Freight train on the Dammam route in the
Kingdom of Saudi Arabia

Bohlin et al. [16] developed a multistage freight train
formation optimization using a mixed-integer programming
approach and Lagrangian relaxation, demonstrating cost
savings of up to 18% on long-haul corridors.

Ozturk and Patrick [17] formulated an optimization model
for urban rail transit freight transport based on a hub-and-

spoke network, achieving a 12% reduction in total
transportation cost through improved train-to-station
assignments.

Lin et al. [18] optimized connection service networks for
large-scale rail systems via a GA-based heuristic, improving
network throughput by 15% under real-world constraints.

In addition, machine learning algorithms are being used to
process large amounts of historical data to find patterns and
predict future events. This helps optimize scheduling,
anticipate equipment failures, and improve operational
performance [19]. In parallel, research in liner shipping
optimization and automatic train operation systems is
expanding through advanced modeling approaches. Studies
are being categorized into areas such as train movement
modeling, trajectory planning, and speed control, which
provide valuable guidance for the development of automated



and intelligent freight systems [7, 20].

By incorporating these innovations ranging from artificial
intelligence to real-time data and integrated planning, freight
rail operators can significantly enhance the efficiency,
reliability, and cost-effectiveness of their services. Many
works were carried out over optimization of foreign
transportation [21].

2.2 Limitations in current freight optimization research
and future directions

Although significant progress has been made in the
development of optimization methods for freight train
operations, several important limitations persist in the current
literature. One major shortcoming is the lack of integrated
optimization frameworks that account for multiple,
interdependent components of railway operations. Many
existing studies focus narrowly on individual aspects such as
scheduling or resource assignment without capturing the
interactions between them, which are critical for real-world
implementation. Another commonly observed limitation is the
use of simplified assumptions that fail to reflect real
operational complexities. Models often ignore practical
constraints such as equipment availability, fluctuating
demand, network capacity limitations, and the impact of
delays or disruptions. As a result, the solutions generated may
appear optimal in theory but perform poorly in practice. For
instance, the use of excessively conservative capacity buffers
can lead to the underutilization of infrastructure, reducing
efficiency and throughput.

Furthermore, much of the current literature emphasizes
theoretical development with limited validation using actual
case studies or operational data. The lack of empirical
evaluation makes it difficult to assess the feasibility and
effectiveness of the proposed optimization approaches in real-
world applications [22-24].

The study begins by establishing the key performance
indicators (KPIs) used to assess the efficiency and cost-
effectiveness of the freight rail system. These indicators
include critical measures such as fuel consumption, travel
time, maintenance expenses, and operational reliability.
Following this, the primary control variables influencing
system performance are identified, such as train speed, load
capacity, scheduling methods, and maintenance planning.
Once the objectives (e.g., cost minimization and service
reliability) and constraints are clearly defined, the
optimization process is carried out. This involves applying
suitable algorithms to explore different combinations of
control factors to identify the most efficient operational setup.
The proposed optimization strategies are then validated using
actual operational data and simulation models to ensure
practical relevance. The optimization results are analyzed to
determine the optimal set of control parameters that achieves
the lowest total operating cost while maintaining the required
service standards. This approach enables the development of a
comprehensive evaluation framework that can also be
extended to estimate the social costs associated with railway
development, including operator costs, user costs, and
externalities such as environmental impacts [25]. Furthermore,
incorporating health-oriented prognostic control systems and
global optimization techniques has shown promising potential
in reducing long-term maintenance costs [26].

This study is based on the hypothesis that the integration of
data-driven modeling techniques with advanced optimization
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algorithms can significantly improve the cost efficiency and
operational performance of freight train systems operating
under real-world conditions. The main objective of the
research is to develop a hybrid optimization framework that
combines regression analysis, Taguchi method and GA to
identify optimal control strategies to minimize freight
transportation costs on a critical corridor, specifically on the
Dammam to Riyadh freight route. To achieve this goal, the
study pursues the following three main objectives: (a)
Construction of a reliable and interpretable regression model
that quantifies the relationship between key operational
variables such as travel time, number of wagons, freight
weight, truck use and emissions and the total cost of freight
transportation, using real data from road and rail transport; (b)
Apply the Taguchi method to perform sensitivity analysis and
identify the most influential parameters affecting freight train
performance so that a structured experimental design can be
created for initial optimization within practical constraints; (c)
Implement a GA that uses the trained regression model as a
fitness function and enables global optimization with
continuous variables to determine the most cost-effective
configuration of operating parameters while maintaining
logistical and environmental constraints. This integrated
approach seeks to bridge theoretical optimization methods
with practical, data-backed railway operations, providing both
a strategic and implementable solution to enhance the
sustainability and economic viability of freight transportation.

2.3 Experimental procedures

This study was conducted using actual freight operation
data collected along the Dammam-—Riyadh corridor, one of the
primary east-west logistics routes in the Kingdom of Saudi
Arabia. The experimental procedures involved coordinated
data acquisition from both high-speed highway freight trips
and railway station records, allowing a comparative and
integrative analysis of transportation costs under varying
operational conditions [27].

2.4 Data collection from highway freight trips

Highway freight data was gathered from logistics records of
trucks departing from the Dammam industrial zone to
commercial hubs in Riyadh via the high-speed road network.
Each trip record included detailed inputs on:

e Trip duration (hours): measured from departure to

unloading.

e Number of trucks deployed per shipment.

e  Total cargo weight (tons).

e Number of intermediate stops, including weigh

stations, rest points, or offload locations.

e Fuel consumption and estimated CO: emissions,

obtained from vehicle telematics.

e  Trip cost, calculated based on fuel use, labor, tolls, and

operational overhead.

Standardized templates were used for logging trip
information, and multiple trips were monitored over a period
of four weeks to ensure variability in cargo type, load size, and
traffic conditions.

All trip records were obtained from the Saudi Railways
logistics database and the Ministry of Transport archives. In
total, 30 complete records spanning one month were used.
Data cleaning included removal of records with missing cost
components (< 3%) and winsorization of outliers beyond the



Ist and 99th percentiles to mitigate data entry errors. Units
were standardized (tons, hours, kilograms), and consistency
checks ensured alignment between road and rail datasets.

2.5 Data collection from train freight operations

Parallel data was collected from the Dammam railway
freight terminal, tracking shipments to Riyadh's main rail
freight station. The data included:

e Trip time based on scheduled departure and actual
arrival.

Number of wagons per train.

Total cargo weight loaded, measured at origin.
Number of planned and unplanned stops during the trip.
Operational emissions estimates, based on locomotive
fuel burn logs.

e Trip cost, provided through SAR (Saudi Riyal)

accounting sheets for crew, fuel, and maintenance.

The railway data was obtained with permission from the
Saudi railway company (SAR) through structured access to
their logistics control system and validated against invoice
logs and dispatch schedules. All data entries were aligned to
ensure consistency in units and timeframes with the road
transport data.

2.6 Data integrity and normalization

Before analysis, both datasets were cleaned and normalized.
Units were standardized (e.g., weight in metric tons, time in
hours, emissions in kilograms), and incomplete or outlier
records were excluded to ensure model reliability. The merged
dataset consisted of 30 complete trip records, equally
distributed between truck and rail modes. The experimental
procedures were summarized in Figure 3.

Experimental
Procedures

y

Train

Highway
(Dammamto (Dammam to
Riyadh) Riyadh)

| |

Data Collection

Data Collection

Analysis

Figure 3. Experimental procedure flowchart

3. OPTIMIZATION MODELS
3.1 Netic algorithm-based cost optimization model

To achieve optimal cost efficiency in freight transport
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operations, GA was employed as a global optimization
method. The GA was selected due to its robustness in handling
non-linear, multi-variable problems with continuous
constraints, which are common in transportation systems. The
algorithm operates by mimicking the process of natural
selection: candidate solutions are encoded as individuals
(vectors of decision variables), and evolutionary operators,
selection, crossover, and mutation, are iteratively applied to
evolve the population toward better solutions [20].

In this study, the GA was coupled with a trained linear
regression model that served as the cost prediction function.
The regression model predicted the trip cost as a function of
six input variables, which is called a trained regression model
[28]:

6
Costorea = fo + ) fi-xi (1)

i=1

where, x; to x4 represent the variables: trip time (hrs),
wagons, trip weight (tons), stops, trucks and emissions (kg).
The GA objective was to minimize CoStp,.4, Subject to real-
world bounds for each variable derived from empirical data.
GA for optimization and regression for cost evaluation has
proven highly effective in transportation applications, as
similarly demonstrated by references [29-31] and in recent
freight logistics studies [31]. The optimization was carried out
using the Python package [32].

Each individual in the population is a candidate solution:

X9 = [x1, 22, e, x5 )

where, j € [1, P] is indexed for individuals in population, and
1Y is bounded decision variable form real-world data.

The fitness function for each individual y¥) can be
calculated as follows [33]:

Fitness’ = f(y) =y (3)

The lower value is better (since it aims to minimize trip
cost), see Appendix A, to read the complete Python code
written for GA optimization. To ensure feasible solutions,
constrained were defined as listed in Table 1 [34].

Table 1. GA constrained

Variable Minimum Maximum Note
Trip time 12 16 Trip duration in
(hrs) hours
Wagons 50 90 Number of Wagons
in the train
Trip weight 3000 4500 Total f.relght weight
(Tons) in tons
Number of
Stops > 6 intermediate stops
Trucks 100 180 Number of trucks
used for transport
Emissions CO: emissions in
(Kg) 4000 8500 kilograms

3.2 Taguchi optimization based cost optimization model

To determine the optimal operating conditions that
minimize freight transportation costs while maintaining
service performance, the Taguchi method was applied. This



method was selected for its well-known benefits, including
fast optimization, reduced experimental cost, improved quality
of results, and reliable identification of influential factors. The
current study focuses on optimizing freight train operations
along the Dammam-—Riyadh corridor, using real-world trip
data including variables such as trip time, wagon count, and
trip weight [35].

In addition to evaluating individual factor effects, the study
also considered hybrid operational configurations, such as
varying trip weights in combination with different wagon
counts and durations. This design approach improves the
robustness of experimental analysis and enables exploration of
potential interactions among operational variables that affect
trip cost and emissions.

Three key control factors were selected: (i) Trip Duration,
(i1) Number of Wagons, and (iii) Trip Weight, each assigned
three levels based on empirical data. A Taguchi L9 orthogonal
array was used to efficiently explore the design space,
requiring only 9 experiments instead of 27, which would be
needed in a full factorial design. Table 1 lists the factor levels,
and Table 2 shows the L9 array configuration used for this
optimization.

It validated the regression model using 5-fold cross-
validation to guard against overfitting. Performance metrics
include R? = 0.87, RMSE = 3,200 SAR, and MAE = 2,450
SAR, indicating strong predictive accuracy. The sample of 30
trips covers a representative month of operations; confidence
intervals for coefficient estimates remain within £10 %,
supporting model robustness.

The “smaller-is-better” Signal-to-Noise (S/N) ratio was
chosen, as the primary objective was to minimize total trip
cost, which is considered a critical performance indicator. The
Taguchi method helped to identify the optimal combination of
trip parameters that reduces costs while maintaining
reliability, making it an effective tool for data-driven decision-
making in freight transport systems.

The S/N ratio can be calculated using the following

equation:
n
S 1 1
N = 101081 EZF

i=1

“4)

where, y; is the response (e.g., trip cost), and n is the number
of repetitions.

The analysis of variance (ANOVA) was extracted to
measure each control factor effect on the trip cost by
determining the contribution % for each factor.

The following statistical significance equations are usually

used to determine the ANOVA factors of Taguchi
optimizations; they consider the key functions.
Total sum of squares (SST):
n
SST = (=37 )
i=1
And sum of squares for factor A:
la
(6)

SSA = Z (7 — 7)?
=1

The residual or error can be determined by the following:
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SE = SST — SSA—SSB — -+ (7)

Then the F-ratio, which compares variations and decides
whether a factor has a significant effect on the result, can be
calculated by the following equation:

_ MSfactor

F = —Jactor
MSETTDT

®)

Compare the calculated F-ratio to the critical value from the
F-distribution table at a significant level (typically 0.05).

To assess whether a factor has a statistically significant
effect, the calculated F-ratio is compared with the critical
value from the F-distribution table at a chosen significance
level, typically a = 0.05. Alternatively, the decision can be
made based on the associated p-value:

If p < 0.05, the factor is considered to have a statistically
significant effect on the response variable (e.g., trip cost).

If p > 0.05, the factor is considered to have no significant
effect.

In this context:

e p represents the probability of observing the test
statistic under the null hypothesis,
¥ is the overall meaning of the response,

i is the mean response at level j of the factor,

n; is the number of repetitions at level J,

MS is the mean square, calculated as the ratio of the
sum of squares (SS) to its corresponding degrees of
freedom (DOF).

This analysis helps determine which control factors
significantly influence the outcome and should therefore be
prioritized in the optimization process.

Table 2. Taguchi L9 orthogonal array

Factor A
(e.g., Time)

Factor B (e.g., Factor C
Wagons) (e.g., Weight)
1 1

Experiment

O 01NN B W —
LW W WNNN—— =
W N — W N = WK
N — W= W W

4. RESULTS AND DISCUSSION
4.1 Statistical descriptions

The collected experimental data comprises 30 daily freight
trips between Dammam and Riyadh, incorporating both
highway and rail modes. The dataset captures key operational
variables including trip duration, cost, wagon count, trip
weight, number of stops, truck count, and associated carbon
emissions. The trip cost ranged from 40,137 SAR to 79,106
SAR, with an average of 60,657.60 SAR. This variation
correlates strongly with wagon count and trip weight, which
showed Pearson correlation coefficients of approximately 0.78
and 0.74 with cost, respectively. In contrast, trip duration and
number of stops had relatively weaker correlations, indicating
a more indirect influence on expenses as listed in Table 3.

Our finding that wagon count exerts the strongest influence



on trip cost aligns with Bohlin et al. [16], who reported that composition to achieve up to 18% cost savings.
multistage formation decisions depend heavily on load

Table 3. Summary statistics for key operational and environmental metrics across 30 freight trips

Metric Trip Time Trip Cost No. of Wagons Trip Weight Stops Emissions Trucks
Count 30 30 30 30 30 30 30
Mean 14.5 60,657.6 71.8 3536.3 5.57 6157.8 141.6
Std Dev 0.51 11,228.0 11.43 350.9 0.50 1249.1 24.24
Min 14.0 40,137.0 52.0 3103.0 5.0 4222.0 100.0
25% Percentile 14.0 53,202.5 64.25 3219.8 5.0 4872.8 119.3
Median (50%) 14.5 60,969.0 71.0 3492.5 6.0 6608.0 143.5
75% Percentile 15.0 70,037.3 82.0 38533 6.0 6966.8 160.0
Max 15.0 79,106.0 90.0 4291.0 6.0 8387.0 178.0
80000 '3 . . (3 L]
3 2 . . .t . & . o
70000 : . et .-'. . | ; : “?
Cgeoooo ; : :: . o-. 5- .. ° - ; z s :- {.
= . . . » . . . .
50000 : . — Je H » °
40000 : »* ' . : * LI ¢
15.0 e sss & S - sxane . sewe waas . . - Saiaem &%
14.8
g s
=
2 a4
142
140 senen W ne [ Eone - W .. L . LS 2 S et
80 o .' . e : i O ." ] : ’ . ¢
80 L1 : -. L] : - L] °
g . % s g ] - ; 3 & ..o
F70 ° 5 . . - °,
£ LI . L i g .3 . : . g R : n:
80 .nn 3 ] O : . . 3 O ‘ O
.| * § L * * .
4200 ° '] : ° . i . -‘
4000 * L] : * L] ! L 3 - *
% ®e ¢ H set, * § s | *
= 3800 . . . . .
= . . . . .
E 600 * e ¥ : cle ®|° i H t, "
3400 P I H o ® . 1 s oy .
o o ®® E [) LI " 3 . o '. ]
3200 ne e : ; -u s : ) v
6.0 ssaime 5w o8 (3 ] s mme woe I = - en @
58
5.6
I
@54
5.2
5.0 » LIRS . ] >0 090 - WS &8 W89 W&
Pt o Tel “ T
160 - .i’f ge i e L ) . 2 '.. L ] ;
£ 140 . ! ° e : :
= . 2 ® (3 s . . * 0 . . &
120 L '%0 L 5 o %" ] P H 3
120 e s ¢ LR et . :
25000 50000 75000 14 15 40 60 80 100 3000 4000 5 6 100 150 200
Trip Cost Trip Time Wagons Trip Weight Stops Trucks

Figure 4. Pair plot of freight trip operational variables
Notably, trips with higher wagon utilization and heavier ranged widely from 4,222 kg to 8,387 kg, suggesting

payloads tended to exhibit lower cost per ton, highlighting the variability in operational efficiency or fuel type. A moderate
importance of capacity maximization. Conversely, emissions positive correlation was observed between emissions and trip
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cost, reinforcing the trade-off between environmental and
economic performance. This analysis supports the decision to
use regression and optimization models for further cost
reduction. The descriptive statistics and correlation matrix
informed both the model features and constraint definitions in
the Taguchi and GA-based optimization frameworks. The
recoded table provides a statistical summary of the main
variables in the dataset. Each metric shows the count (n = 30),
mean, standard deviation, minimum, maximum, and quartiles.
Notably, the average trip cost is 60,657 SAR with a substantial
standard deviation of 11,228 SAR, indicating cost variability.
The mean number of wagons (71.8) and mean trip weight
(3,536 tons) align with mid-scale operations. Emissions
average at 6157 kg, with a range from 4,222 to 8387 kg,
showing a significant carbon footprint variation. The number
of stops is tightly clustered between 5 and 6, while truck count
also shows considerable variation. These statistics validate the
diversity and operational complexity of the dataset and justify
the use of both regression and optimization models.

The pair plot shown in Figure 4 provides a comprehensive
scatter matrix showing how each pair of variables relates to
each other, including their distributions. The diagonal plots
show that travel cost, weight and emissions are right-skewed,

meaning that variability increases with value. The plots of
travel cost vs. weight and travel cost vs. wagons clearly show
a linear upward trend, confirming their positive relationship.
In contrast, travel cost vs. travel time shows a relatively flatter,
less linear relationship, suggesting that travel alone is not a
primary cost driver. This visual comparison reinforces the
findings from the heat map while allowing for a closer
examination of non-linear or disparate patterns.

The correlation heatmap in Figure 5 illustrates the pairwise
relationships between all variables involved in the analysis.
Each colored cell represents the Pearson correlation
coefficient between two characteristics and ranges from -1
(strongly negative) to +1 (strongly positive). Travel costs
show a strong positive correlation with the weight of the
journey, the number of wagons, and the number of trucks,
indicating that heavier and larger journeys tend to cause higher
costs. Emissions also correlate moderately with trip weight
and number of wagons, which is to be expected as a heavier
load leads to higher fuel consumption and therefore higher
emissions. Interestingly, journey time and intermediate stops
correlate less strongly, suggesting that their contribution to
costs is less direct. This figure provides an overview of which
variables have the strongest influence on travel costs.

1.

Day 0.00 0.18 013 0.10 0.04
0.8
Trip Time 0.18 0.34 0.09 £0.07 -0.43
. -06
Trip Cost -0.04 -0.21 -0.01 m 0.09 0.56
Wagons | -0.19 0.02 - 04
Trip Weight 0.00 -02
Stops 018 - 0.0
Emissions = -0,13 --02
Trucks 0.10
-0.4
Predicted Cost 0.04 -0.43 0.56 -0.58 -0.38 0.01
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Figure 5. Correlation heatmap of freight operational variables
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Figure 6. Linear regression plot: Actual vs. predicted trip cost
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Figure 7. Linear relationship between emissions and trip cost

The graph in Figure 6 shows the relationship between actual
and predicted trip costs from the regression model. Ideally, if
the predictions are perfect, all points lie exactly on the red
dashed diagonal. Here, most of the values are close to the
diagonal, which indicates a good fit of the model. However,
there are slight deviations, especially in the region with the
highest costs, which could be due to the interactions between
weight, emissions and number of trucks. This figure confirms
the reliability of the model and that it captures the main cost-
driving patterns with good accuracy.

This scatter plot illustrates the relationship between carbon
emissions (kg) and trip costs, as shown in Figure 7. The curve
shows a generally positive linear trend, confirming that higher
emissions are associated with higher trip costs. This
relationship is logical, as higher emissions correlate with
higher fuel consumption, longer or heavier trips, and higher
vehicle usage. Some outliers indicate operational
inefficiencies where high emissions are not associated with
proportionally higher costs. These could be areas that require
operational review or optimization.

Together, these four illustrations provide a consistent and
informative presentation. The correlation diagram and the pair
diagram show that the travel costs react most strongly to the
weight of the journey, the number of wagons and the number
of trucks. The regression power plot confirms that these
relationships lead to reliable cost predictions. Finally, the
relationship between emissions and costs provides a tangible
link to sustainability, underscoring that cost optimization
should also consider environmental performance. Thus, the
data supports a multifactorial optimization approach that
balances cost, weight, logistics and emissions.

4.2 GA optimization results

To determine the most cost-efficient operational
configuration for freight transport, a GA was implemented to
minimize the expected total cost of the trip (in SAR). Six
critical operating parameters were considered in the
optimization: Trip duration (trip time in hours), number of
wagons, total trip weight (in tons), number of stops, number of
trucks and CO: emissions (in kilograms). The GA was
executed under practical conditions derived from real data
ranges to ensure realistic and feasible solutions. The
optimization converged to a solution where the predicted trip
cost was 34,054.33 SAR, which is a significant reduction from
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the dataset mean of 60,657.6 SAR.

Lin et al. [18] demonstrated a 15% throughput improvement
using a GA in a large-scale rail network; similarly, our GA
reduced predicted trip cost by 44%, underscoring the method’s
power for continuous, large-scale freight optimization.

Table 4. Optimal input values and associated predicted cost

obtained using the GA
Parameter Optimized Constraint
Value Range
Trip duration (hrs) 16.00 [12,16]
Number of wagons 89.99 [50, 90]
Total trip weight 447275 [3000, 4500]
(tons)
Number of stops 5.04 [5, 6]
Number of trucks 100.45 [100, 180]
Emissions (kg) 8495.80 [4000, 8500]
Predicted cost (SAR) 34,054.33 —

A detailed summary of the GA-optimized input variables
can be found in Table 4. The results show that maximizing
capacity utilization and minimizing operational complexity
led to optimal cost savings. In particular, the number of
railcars (89.99) and total weight (4,472.75 tons) approached
the upper allowable limits, supporting the hypothesis that
consolidated operations with high capacity are more cost-
efficient. In contrast, the number of trucks (100.45) and the
number of stops (5.04) were close to the lower limits,
suggesting that leaner delivery patterns with fewer stops and
less truck usage can significantly reduce costs. However, the
optimized scenario also resulted in high emissions (8,495.80
kg), indicating a possible trade-off between operating costs
and environmental sustainability. This GA result underlines a
strategy of load consolidation: maximizing the load (wagons
+ weight) and minimizing unnecessary operations (stops,
trucks) leads to a significant cost reduction. This result
highlights the need for future work to incorporate multi-
criteria optimization frameworks that balance costs, emissions
and delivery constraints [36].

4.3 Taguchi-based optimization and sensitivity analysis
To complement the methodology, a Taguchi experimental

design was applied with an orthogonal L9 array aimed at
minimizing predicted trip costs. The study focused on three



operational variables: Trip duration (Trip length in hours),
number of cars, and trip weight (Trip weight in tons), each of
which was evaluated at three levels. Other factors, such as the
number of stops, the number of trucks and emissions, were
held constant at mean values to isolate the effects of the
primary parameters. Ozturk and Patrick [17] observed that
intermediate hub loads minimize urban rail freight costs,
echoing our Taguchi results, which show that medium trip
weights yield the lowest variability and cost.

Table 5 shows the actual test configurations and their
respective predicted trip costs, which were determined using
the trained regression model. The lowest predicted cost of
SAR 42,388.64 was incurred in Experiment 9, which
corresponds to the highest number of wagons (90), average
trip weight (3,750 tons), and maximum trip time (16 hours).
This indicates that longer trips with high-capacity utilization
(i.e., more wagons) lead to cost savings even if the trip weight
does not reach the maximum level, as the fixed costs are better
amortized.

To further explore the influence of these parameters, Figure
8 illustrates the S/N ratios under the "lower-the-better"
assumption for cost. The S/N analysis confirms the following
trends:

e Wagons exert the strongest influence: Level 3 (90
wagons) yields the highest S/N ratio, indicating that
maximizing wagon count significantly reduces cost
variability and improves robustness.

Trip time shows a linear improvement in S/N ratio
from Level 1 to Level 3, suggesting operational
advantages with longer durations, potentially linked
to smoother logistics or lower fuel consumption
during optimized speeds.

Trip weight, while intuitively a driver of cost, shows

a non-monotonic trend. The best performance occurs
at the medium level (3,750 tons), indicating a balance
point between load efficiency and vehicle strain.

4.4 ANOVA-based factor significance and comparative
analysis

To quantitatively assess the influence of each control factor
within the Taguchi experimental design, a one-way Analysis
of Variance (ANOVA) was performed on the predicted trip
cost values. The factors evaluated included categorical
representations of trip time (A level), number of wagons
(B_level), and trip weight (C_level), as defined by the levels
in the L9 orthogonal array. The ANOVA results are
summarized in Table 6.

The results show that all three factors are statistically
significant at the 95% confidence level, with p-values much
smaller than 0.05. Specifically, the trip time (C(A_level))
exhibited the greatest influence on trip cost, contributing a sum
of squares of approximately 1.28 x 10°, followed by wagon
count (C(B_level)) with 3.47 x 108 and trip weight
(C(C _level)) with 3.69 x 107. Notably, the extremely high F-
values and near-zero p-values confirm the robustness of the
regression model and the meaningful impact of each factor.
The residual variance is negligible (2.29 x 107%), further
reinforcing the model's explanatory power within the
experimental design.

This refined analysis further validates that increasing the
number of wagons and allowing longer trip durations are
critical levers for cost efficiency in rail freight operations. The
non-linear behavior of trip weight indicates that there may be
an optimal loading point beyond which marginal cost
increases, possibly due to mechanical inefficiencies or
regulation limits.

Table 5. Taguchi L9 orthogonal array results and predicted trip costs

Experiment Trip Time (hrs) Wagons Trip Weight (tons) Predicted Cost (SAR) S/N Ratio (dB)
1 12.0 50 3000 89,316.74 -49.51
2 12.0 70 3750 79,231.06 -48.99
3 12.0 90 4500 69,145.39 -48.40
4 14.0 50 3750 72,219.52 -48.59
5 14.0 70 4500 62,133.84 -47.93
6 14.0 90 3000 59,485.86 -47.74
7 16.0 50 4500 55,122.30 -47.41
8 16.0 70 3000 52,474.31 -47.20
9 16.0 90 3750 42,388.64 -46.27

Signal-to-Noise Ratio (Lower is Better)
—47.00 + —— Trip_Time_hrs
Wagons
—471.25 7 Trip_Weight_Tons
—47.50 +
% —47.75 1
2
B —48.00 1
g 48251
—48.50 4
—48.75 4
—49.00 1

T T T T
1.00 1.25 1.50 175

2

T T T T T
.00 2.25 2.50 2.75 3.00

Level

Figure 8. S/N ratio plot for Taguchi optimization
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Table 6. ANOVA results for the Taguchi L9 design (dependent variable: predicted cost)

Source Sum of Squares df  F-value p-value
C(A_level) 1.28 x 10° 2 559x10% 1.79x10%
C(B_level) 3.47 x 108 2 1.51x10%®  6.60 x 107
C(C _level) 3.69 x 107 2 1.61x107 6.22x10%

Residual 2.29 x 10> 2 — —

While the Taguchi method uncovered meaningful factor
trends and ranked influence levels, its discrete nature limits the
resolution of optimization, particularly in high-precision cost
functions [37]. This supports the earlier finding that GA
remains  superior for high-dimensional, continuous
optimization, though Taguchi excels in early-stage
experimental screening and robust analysis.

4.5 Comparative evaluation: GA vs. Taguchi method

Both the GA and the Taguchi method have been used to
minimize trip costs. However, they differ fundamentally in
their methodology, precision and quality of results. The GA
led to a globally optimized solution with a predicted minimum
cost of 34,054.33 SAR, clearly outperforming the Taguchi
approach, which achieved a best-case cost of 42,388.64 SAR.
The strength of GA lies in its ability to explore high-
dimensional, continuous input spaces and to fine-tune
combinations of variables beyond the limits of discrete levels.
It adapts iteratively through mutation and selection, allowing
it to discover nonlinear interactions and exploit subtle trade-
offs, such as maximizing trip weight while minimizing truck
count, as shown in Figure 9.

In contrast, the Taguchi method, while not achieving the
same numerical minimum, offered critical insight into factor
sensitivity and robustness [38]. It required far fewer
simulations (just nine experiments) and identified that wagon
count and trip time are dominant drivers of cost. The ANOVA
results corroborated this, showing statistical significance and
high explanatory variance attributed to these two factors.
Moreover, the Taguchi method effectively revealed that
middle-range trip weights may be optimal under high wagon
counts, a non-intuitive result valuable for strategic planning,
as shown in Figure 9.

40000

35000 +

SAR)

£ 30000 A

25000 4

N
o
o
o
o

15000

Predicted Trip Cost

10000 4

5000

Taguchi Genetic Algorithm

Figure 9. Comparison of optimization results: GA vs.
Taguchi method

In summary, GA is superior for optimization accuracy and
solution refinement, particularly where input variables are
continuous and complex [39]. Taguchi excels as a screening
and diagnostic tool, especially useful when resources limit the
number of experiments or when robustness to variability is a
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priority. Used in combination, these methods provide a
powerful token for both strategic and operational decision-
making in freight cost optimization.

5. CONCLUSIONS

It presents a hybrid framework combining linear regression,
Taguchi design, and a GA to reduce freight train costs on the
Dammam-—Riyadh corridor. The regression model—validated
by 5-fold cross-validation (R? = 0.87, RMSE = 3,200 SAR)—
effectively predicts trip cost. Taguchi screening identified
wagon count and trip duration as dominant factors, achieving
a minimum cost of 42,388 SAR. Subsequent GA optimization
(population = 50, generations = 100) yielded 34,054 SAR, a
44% reduction versus the mean. Implications: Prioritize higher
wagon utilization and fewer stops/truck transfers for cost
savings. The Taguchi + GA workflow offers rapid factor
screening followed by precise optimization, adaptable to other
corridors.

This study is subject to certain limitations, namely the
reliance on a single-corridor dataset, the assumption of fixed
stops and truck numbers in the Taguchi method, and the use of
a single-objective GA.

Future research will extend to multi-objective cost—
emissions optimization, integrate real-time data for dynamic
scheduling, and validate the approach on larger, multi-corridor
datasets under uncertainty, further bridging statistical
modeling with evolutionary algorithms for sustainable rail
logistics.
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APPENDIX

Appendix A

Python GA code
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.linear_model import LinearRegression
from deap import base, creator, tools, algorithms
import random
# === Define input boundaries ===
bounds = {
"Trip_Time hrs": (12, 16), 'Wagons" (50,
'"Trip_Weight Tons': (3000, 4500), 'Stops": (5, 6),
'"Trucks': (100, 180), 'Emissions_Kg'": (4000, 8500)}
# === Genetic Algorithm Setup ===
creator.create("FitnessMin", base.Fitness, weights=(-1.0,))
creator.create("Individual”, list,
fitness=creator.FitnessMin)
toolbox = base.Toolbox()
for var in features:
toolbox.register(f"attr {var}",
*bounds[var])
toolbox.register("individual",
creator.Individual,

90),

random.uniform,

tools.initCycle,
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tuple(getattr(toolbox, f'attr {var}") for var in
features), n=1)

toolbox.register("population", tools.initRepeat, list,
toolbox.individual)
# === Evaluation function with constraints ===
def evaluate(individual):

values = dict(zip(features, individual))

# Constraints check

for var in features:

if not (bounds[var][0] <= values[var] <=
bounds|[var][1]):
return 1e6, # Penalize

# Predict cost

input_data = np.array(individual).reshape(1, -1)

cost = model.predict(input_data)[0]

return cost,
toolbox.register("evaluate", evaluate)
toolbox.register("mate", tools.cxBlend, alpha=0.5)
toolbox.register("mutate”,  tools.mutGaussian, mu=0,

sigma=5, indpb=0.2)
toolbox.register("select",
tournsize=3)

#===Run GA ===

pop = toolbox.population(n=50)
hof = tools.HallOfFame(1)
algorithms.eaSimple(pop, toolbox, cxpb=0.5, mutpb=0.2,
ngen=100,

tools.selTournament,

stats=tools.Statistics(lambda ind:
ind.fitness.values),
halloffame=hof, verbose=True)
# === Save best result ===
optimal_input = hof[0]
optimal_cost = model.predict([optimal input])[0]
optimal result = pd.DataFrame([optimal_input],
columns=features)
optimal result['Predicted Trip_Cost'] = optimal cost
# === Save files ===
df.ito_excel("cleaned trip_data.xlsx", index=False)
optimal result.to_excel("optimized_trip_result.xlsx",
index=False)
# === Write report ===
with open("GA_Optimization Report.txt", "w") as report:
report.write("===Genetic Algorithm Optimization
Report ===\n\n")
report.write(">>  Objective:
(SAR)\n\n")
report.write(">> Optimal Input Values Found:\n")
for name, val in zip(features, optimal input):
report.write(f" - {name}: {val:.2f}\n")
report.write(f"\n>> Predicted Optimal
{optimal_cost:.2f} SAR\n")
report.write("\n>> Applied Constraints:\n")
for k, v in bounds.items():
report.write(f" - {k}: between {v[0]} and {v[1]}\n")
report.write("\nReport generated successfully.\n")
print("Optimization = completed. ~Report saved as
'GA Optimization Report.txt™)

Minimize Trip Cost

Trip Cost:






