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Abstract

Pressure vessels are critical components in various industrial applications, including power
generation, petrochemical processing, and water systems, where structural integrity and safety are
paramount. This paper presented a comprehensive review ofestedgsis techniques applied to
pressure vessels, examining the evolution from classical analytical methods to advanced numerical
and datadriven approaches. Classical techniques, such as, simple stress calculations of thin
cyl i nder s and hitkaynded strest dnalysis, haid tbergroandwork for early design
and analysis but often fall short in addressing complex geometries and loading conditions. The
advent of Finite Element Analysis (FEA) has significantly enhanced the ability to predss str
distributions accurately, particularly in geometrically complex regions such as nozzles and cross
bores. FEA has deployed computational tools like ANSYS, ABAQUS and other software for stress
distribution analysis. The paper further explored experiat@néthods, including photelasticity,

Digital Image Correlation (DIC) and strain measurement, which serve as critical tools for
validating numerical models. In recent years, Artificial Intelligence (Al), Deep Learning (DL) and
Machine Learning (ML) have esnged as transformative tools in fatigue life prediction, stress
estimation, and condition monitoring of pressure vessels. Techniques such as Atrtificial Neural
Networks (ANNSs), Physietnformed Neural Networks (PINNs), Bayesean framework, multistage
crystd plasticity, and hybrid models integrating FEA and ML are increasingly being used to
improve design optimization and predictive maintenance. The paper also highlighted the potential
of Digital Twins (DTs), probabilistic modeling, and uncertainty quaraifan as future research

directions. Emphasis is placed on the need for validation, standardization, and integration of Al
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driven predictive models with traditional methods. This review aimed to provide a foundational

understanding of current capabilitisd outline promising paths forward in the stress analysis and

design of pressure vessels.

Keywords: Stress Analysis, Finite Element Analysis (FEA), Pressure Vessgetdicial
Intelligence (Al), Machine Learning (ML)

1. Introduction

Structures such as tag)lpipelines, and vessels that are designed to hold, transport, or receive fluids
under pressure are known as pressure vessels (Khobragade & Hiwase, 2017). Moreover, these
components are specifically engineered to contain gases or liquids at pressumethhigthat of

the surrounding atmosphere (Kadam et al., 2018). These vessels are tightly sealed and capable of
storing significant amounts of energy due to the high temperatures and pressures of the contained
fluids (Nziu & Masu, 2019a, 2019b). Therefoit is essential to design pressure vessels to operate
within safe working limits while withstanding the high pressures and temperatures they are
subjected to (Digvijay & Jewargis, 2015). In the design of pressure vessels, a range of geometrical
configurations may be used, with cylindrical and spherical shapes being the most common (Thattil

& Pany, 2017). Cylindrical vessels, in particular, can be further categorized based on wall
thickness as either thiwalled or thickwalled (Bahoum et al., 2017). Aylinder is typically

classified as thickvalled when the internal pressure exceedsomnex t h of t he mat er i
stress or when the wall thickness is greater thartoeent h of t he vessel 6s i n
2017). According to (Hyder & A&i 2008), pressure vessels are essential components in
engineering systems, designed to store or transport fluids under high pressure, and are widely
utilized across various industries such as power generation, chemical processing, and fluid
handling systes due to their ability to safely contain gases or liquids at pressures significantly

higher than atmospheric levels.

Stress analysis in pressure vessels is the process of evaluating how various forces act on a vessel,
particularly under conditions of higamperature, pressure, and external loads. Recent studies have
demonstrated significant progress in the stress analysis of pressure vessels, particularly in
enhancing safety, failure prevention, operational efficiency, andetestiveness. Hazizi &

Ghdeeh (2023) integrated ASME cotdased calculations with Finite Element Analysis (FEA) to
analyze vertical pressure vessels, confirming that such hybrid approaches ensure structural safety
while optimizing design for material efficiency and reduced fabdnacosts. Similarly, Che et al.

(2023) developed a simulatidrased method to assess strength and fatigue life in prestressed ultra

high-pressure vessels, highlighting how advanced modeling can extend service life and lower
3
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maintenance demands. Asif Sktaiet al. (2024) provided a comprehensive review of ANSYS

based stress simulations, emphasizing their effectiveness in identifyingthegh regions and

guiding design modifications that mitigate failure risks and improve reliability. Mutava et al.
(2016 applied elastic and plastic stress analysis in thiaked pressure vessels, showing how

FEA can be used to define safety margins more accurately and suppeffectste material use.

Further advancing this field, Jacobs et al. (2023) employed neadbamning to predict steel
embrittlement in reactor pressure vessels, allowing for improved lifecycle management and
conditionbased maintenance, which reduces the potential for unexpected failures and euts long
term operational costs. Collectively, thedadies underscore the critical role of modern stress
analysis techniques in the design and maintenance of pressure vessels, ensuring that they meet the

demanding requirements of contemporary engineering systems.

The purpose of this paper was to presecént advancements in stress analysis of pressure vessels,
with a focus on enhancing safety, improving failure prevention, increasing operational efficiency,
and minimizing design and maintenance costs. Through a review of current analytical,
computationgl and material innovations, this study aimed to demonstrate how modern stress
analysis techniques contribute to the structural integrity and reliability of pressure vessels used
across critical engineering systems such as power generation, chemicalipgocess fluid

transport. By consolidating these developments, the paper provided insight into how engineers can
design more robust, cestf f ect i v e, and dependabl e pressur

applications

2. Fundamentals of Stress Analysis in Presire Vessels

As mentioned in the preceding section, there are two types of cylinders, mainly thin and thick
cylinders. To be able to perform stress analysis in these cylinders it is important to understand
some fundamental parameters and concepts. Whan-walled cylindrical vessel is exposed to
internal pressure, it experiences three orthogonal principal stresses within its material:
circumferential (hoop) stress, longitudinal (axial) stress, and radial stress. Due to the thinness of
the wall, it is gerrally acceptable to assume that both hoop and longitudinal stresses remain
uniform throughout the thickness. In contrast, the radial stregmifiGantly lower in magnitude
compared to the other two and is often considered negligible for analypisses (Hearn, 1997).

Therefore, only two stresses are considered as shownureRid.
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Figure2.1 Stresses in thin cylindrical pressuesse(Hearn, 1997)

According to Tawade (2019) the stress elements acting on the wall of a pressure vegaetbave

t hat are oriented both perpendicular and par
stresses, denoted as and, , act perpendicular and paraltelthis axis, respectively. Due to the
symmetrical geometry of the pressure vessel and the uniform internal pressure loading, shear
stresses are absent on these faces. Consequentiyyd, are classified as primary stresses.
Specifically,, s referred to as the hoop or circumferential stress, while known as the axial

or longitudinal stress (Hearn, 1997; Tawade, 2019). Therefore the formulas presented by Hearn
(1997) are used:

Hoop stress " — (2.1)

Longitudinal stress " —

Where p is the internal pressudeis the internal diameter of the cylinder anid the thickness of
the cylinder. Theses equations represent the simple stress analysis of thin cylinders.

In the theoretical analysis of thimalled cylindersit is typically assumed that the hoop stress
remains uniform across the wall thickness and that the internal pressure does not vary through the
thickness of the material. However, these assumptions are notéplic thickwalled cylinders,

where both bop and radial stresses vary significantly throughout the wall, as showrnune Eig.

g, (tensile)

Stress distributions

o, (compressive )

q=p

Figure2.2 Thick cylinder subjected to internal pressure (Hearn, 1997)
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This variation is described mathematically using the Lame equations, which provide expressions

for the distribution of these stresses in thieklled pressure vessels.

.8 — (2.2)

., 6 - (2.3)

As presented by Hearn (1997) the radial and hoop stresses at any point within the wall ef a thick
walledcylinder can be expressed in terms of two constants, A and B, using the derived equations.
These constants are determined by applying two known boundary cordlitignsally involving

the radial stress at the internal and external surfaces of the cylDmer A and B are known, the
stresses at any radius r within the wall can be calculated. For example, in the case of a thick cylinder
subjected to internal pressure P with no external pressure, Hearn (1997) provides specific

formulations to evaluate thestess components, as illustrated in Figure 2.3.

%

Figure2.3 Cylinder crossection
Bansal (2015provides expressions for determining the hoop and radial stresses witie#

cylinders subjected to internal pressure. The hoop streswd radial stress at any radiug are

given by:
O¢ ¢in0T I | —— p — (2.4)
YOO d Ri i—— p — (2.5)

Here,”Y and’Y represent the internal and external radii of the cylinder, respectively. These
equations describe how the hoop and radial stresses vary across the wall thickness, with both
reaching their maximum values at the inner surface. The theory assumes that pressure is

applied symmetrically, eliminating shear stresses on transverse planes. As a result, the hoop and

radial stresses are treated as principal stresses under this loading condition.

Zhao et al. (2018) highlighted that the stress distributiohimvihick-walled cylinders and their
ability to withstand elevated internal pressures can be substantially improved by introducing

beneficial compressive residual stresses at the inner surface. This is often achieved through
6
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autofrettage or by employing egound cylinder techniques, both of which are designed to

i ncr ease t hdeadny tapanity. Aacdrding tb Daa et al. (2024), autofrettage involves
subjecting the cylinder to an internal pressure high enough to cause plastic deformatiomen its i
layers. When the pressure is removed, residual stresses are retained due to the permanent
deformation, resulting in a compressive stress field near the internal radius and a tensile field in
the outer regions. These residual stresses are benefaitufarly in resisting fatigue failure

under cyclic pressure loading. Supporting this, Ramy Abdelsalam & Sedaghati (2013) explain that
the residual stress profile generated through autofrettage plays a crucial role in improving the
fatigue life and oveihstructural integrity of pressure vessels. The mathematical representation of

the tangential residual stress induced by autofrettage is provided by Koh (2000) in equation 2.6.

" . p — — — —— a&E QT 1 @
(2.6)

Where a and b are inside radius and outside radius of the pressure vessel, whitee yield

stress of the pressure vessel and are radius and elastplastic boundary of the autofrettaged

pressure vessel respectively.

Compound cylinders are constructed by assembling two or more concentric cylindrical
components, and their fabrication can be accomplished through various established techniques. As
noted by Bahoum et al. (2017), common manufacturing methods include hhydngodnsion,
thermehydraulic expansion, and forming using welded plates. An additional widely used
approach is shrirktting, where one cylinder is inserted into another using a precisely controlled
diametrical interference fit (Aydin et al., 2020; Oeehl., 2005). In this process, the outer cylinder

is typically heated to expand its diameter, allowing it to be fitted over the inner cylinder. According

to Das et al. (2024), as the outer cylinder cools and contracts, it applies compressive forces onto
the inner cylinder, inducing a compressive stress state in the inner wall, while the outer cylinder
experiences tensile stresses. When the compound cylinder is later subjected to internal pressure,
the resulting tangential or hoop stresses are more evhsiiybuted across the entire wall
thickness. This improved distribution is achieved through the algebraic superposition of the
residual stresses introduced during shHfittkng and the operational stresses caused by the internal
pressure, as illustratea Figure 2.4.
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a) Tangential stress due to p; b) Residual stress ¢) Resultant tangential stress

Figure2.3 Twalayer compound cylinders (Eaheb et al., 2024)
One of the widely adopted approaches in the stress analysis and design of pressure vessels is the
use of established design codes. Design codes such as the ASME Boiler and Pressure Vessel Code
play a critical role in ensuring the safe construction andatiper of pressure vessels, as poorly
constructed vessels that cannot handle high pressure pose serious safety risks, including explosions
and leakagelhese codes provide standardized rules and regulations that dictate how pressure
vessels and pressure ioglers should be designed, manufactured, and certified, thereby
minimizing hazards and ensuring consistent safety across the in(liahigi & Ghaleeh, 2023)
By establishing clear guidelines for safe design and manufacturing, these codes help to prevent
accidents and promote uniform safety stand@ldihiu & Masu, 1995) Typically, they offer
predefined combinations of wall thickness and corresponding hoop stresses, ensuring that these
stresses remain below the allowable working limits. However, &k Kihiu (2002) point out,
such codes often lack comprehensive analytical treatment of stress distributions within the vessel
walls. As a result, to ensure safety, engineers frequently apply high safety factors, leading to over
design (Masu, 1997). Whilénis approach enhances reliability, it also significantly increases
material usage and manufacturing costs. In response to these limitations, alternative techniques
such as shakedown analysis, autofrettage, composite overwrapping, thick cylinder modeéling, a
compound cylinder construction have been developed to improve structural strength and optimize

material efficiency in pressure vessel design.
3. Recent Computational Advancements

Finite Element Analysis (FEA) is a powerful numerical simulation technique used to solve
complex engineering problems by discretizing a structure into smaller, manageable finite elements.
As described bywutava et al. (2016)FEA enables engineers to mo@eld analyze the stress
behavior of pressure vess@lespecially thickwalled vessets under various loading conditions.
Using software different techniques, computational FEA allows for detailed examination of stress

fields (hoop, radial, axial), strain digoutions, and deformations within both elastic and plastic

8
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regimes. This is particularly valuable when dealing with -noifiorm geometries, stress
concentrations (e.g., around nozzles), or material nonlinearities where analytical methods are
insufficient By applying boundary conditions, material properties, and pressure loads in a
simulated environment, FEA supports the design and safety validation of pressure components,

making it an indispensable tool in modern structural mechanics and pressurengsssring.

Evans & Miller (2015explored the use of nonlinear Finite Element Analysis (FEA) in predicting
failure pressure and failure location in pressure vessels. Using ANSYS Mechanical software, they
analyzed two componer@sa puncture disk and a namiform toroidal pressure ves8eby
applying internal pressure loads and comparing the resulting total mechanical strain to the actual
elongation limits of the materials. The puncture disk was modeled as a 2D axisymmetric geometry
using Plane 183 elementwhile the toroidal vessel was modeled in full 3D with-ridile
tetrahedral elements due to its complex shape. The analysis employed isotropic hardening models
for titanium alloys to simulate elastdastic behavior. Their FEA predictions of failure pressu

were validated through physical testing, showing strong correlation, particularly for the symmetric
geometry. The study demonstrated that nonlinear FEA is an effective tool in assessing failure risks,
especially when analytical methods are insufficidaoe to geometric complexity or material

behavior under high stress.

In a study byBiradar (2022)Finite Element Analysis (FEA) was applied to evaluate the structural
integrity of a cylindrical pressure vessel using ANSYS Workbench 14.5, with geometdimgod

carried out in SolidWorks. The vessel, made of structural steel, was subjected to an internal
pressure of 3 MPa with fixed support at the |
longitudinal stress, maximum shear stress, and equivalent Mises stress. The model was
meshed using quadrilateral elements, and the boundary conditions were implemented based on
standard di mensions (cylinder di ameter 670 n
showed a strong correlation between FEA dmebtetical values, particularly for hoop and shear
stresses, with minimal percentage errors. The study concluded that the design was structurally safe,
as all stress values remained within the vyield strength limits of the material. This work
demonstratedhe effectiveness of FEA in validating pressure vessel designs and minimizing over

conservatism in engineering practice.

GEZ GKNCK e)tondudtech déta?edl Eidite Element Analysis (FEA) using ANSYS ACP
(Pre), Static Structural, and ACP (Post) meduio evaluate the stress and deformation behavior

of composite oil separator pressure vessels used in-$gpevcompressor systems. The separator

9
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tank featured a 0.5 mm structural steel liner wrapped with 3.5 mm of composite materials, namely
carbon fib&/epoxy, glass fiber/epoxy, and Kevlar fiber/epoxy. Models were exposed to internal
pressures of 11.25, 15, and 19.5 bar at a maximum temperature of 110°C. FEA simulations were
used to assess the influence of various winding angles (35°, 45°, 55°, 66S}-pty equivalent

stress (FPES) and total deformation. Results showed that glass fiber/epoxy offered the lowest
FPES at specific winding angles depending on pressure, while Kevlar fiber/epoxy consistently
minimized deformation, especially at 45° oridita. The study demonstrates how composite
layering and orientation optimization through FEA can enhance pressure vessel performance under

high-pressure thermal conditions.

Swit & Sz c z emphasizad tl{e 2chti2ab rple of finite element analysisAFE
optimizing pressure vessel design, particularly for evaluating complex stress interactions that are
difficult to capture through analytical methods. Utilizing ABAQUS software, the researchers
conducted a nonlinear elasptastic simulation to assefise impact of elliptical reinforcing pad
geometry on the structural performance of a steel pressure vessel. The analysis, which included
temperaturaependent material properties and coupled thestnass conditions at an operating

t emper at urves pefformédsudderbath design (RIBa) and test (3.MPa) internal
pressures. Through FEA, they demonstrated that elliptical pads significantly reduce stress
concentrations at the nozzell junction, enabling a 36% decrease in shell thicknéssn

28 mm to 18mmd and about a 30% reduction in total vessel mass. The study show how FEA
serves as a powerful tool for structural validation and optimization, offering engineers the

capability to refine geometries and material usage while maintaining safepegormance.

Tamrat (20179onducted a comprehensive design and analysis of a Type IV composite pressure
vessel intended for liquefied petroleum gas (LPG) storage, emphasizing the use of finite element
analysis (FEA) to optimize structural integrity andight reduction. Using ABAQUS software,

the team modeled a higlensity polyethylene (HDPE) liner reinforced withglass/epoxy
composite layers wound through a filament winding process. The study applied Classical
Lamination Theory (CLT) and Netting Analig to determine the optimal ply angle, identified as
54.65°, for maximum stress resistance. FEA simulations, performed under a working pressure of
2 MPa, incorporated the Hashin Damage criteria to assess fiber and matrix failures. Results
indicated thathe vessel design remained within safe stress limits and achieved a weight reduction
of 61.5% compared to steel cylinders. The research highlighted the importance of FEA in
evaluating the structural behavior, validating analytical models, and supportigg desisions

for lightweight, highstrength composite pressure vessels.
10
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Bouhala et al. (2024¢mphasized the critical role of Finite Element Analysis (FEA) in the

structural assessment and optimization of composite pressure vessels. In their stuégjghedd

a Type IV LPG cylinder using a higiensity polyethylene (HDPE) liner reinforced with E
glass/epoxy composite, applying ABAQUS software for simulation. The research integrated
analytical techniques like Classical Lamination Theory (CLT) and Ne&timadysis to determine

the optimal ply angle of 54.65°, enhancing the vessel'sbbeating capacity. FEA simulations
evaluated longitudinal and transverse stresses and implemented the Hashin damage criterion to
analyze fiber and matrix failure modes. T$ienulation results closely matched the analytical
findings, confirming the designbés reliabilit)
2 MPa and demonstrated a burst pressure of 15 MPa, with an overall weight reduction of 61.5%
comparedtoaoventi onal steel cylinders. This stud)
safer, lighter, and more efficient composite pressure vessel designs.

Wang et al. (2025)roposed an intelligent stress prediction framework for metal prebsarang
componentsn thermal power plants by integrating Finite Element Analysis (FEA) with machine
learning techniques. The study employed ANSYS software to simulate complex stress fields under
operational conditions and used the resulting dataset to train various migetnimeg models,
including decision trees, support vector machines (SVM), and neural networks. Their goal was to
accurately predict equivalent stress distribution in key regions of pressar@g components,

such as elbows and junctions, based on melifluencing parameters like temperature, pressure,
and geometry. By comparing the performance of different models, the authors found that ensemble
learning and deep neural networks achieved superior prediction accuracy. This approach
significantly redued computational time while maintaining high fidelity, demonstrating the
viability of combining FEA with Machine Learning (ML) for re@ime stress analysis. The study
highlights the growing importance of intelligent modeling in enhancing the safetpiligljaand

efficiency of pressure vessels in power generation system.

Fan & Hu (2023Qdeveloped an innovative approach to predicting local stresses in pressure vessel
nozzle connections by integrating FEA with ML techniques. Recognizing the complexity and
computational demands of traditional FEA methods, particularly for localized stress regions, the
authors created a software plugin for ABAQUS that automates dataset generation and trains a
machine learning model using Python and libraries like Slkgkih. The resulting predictive

model was incorporated into a uggendly graphical interface, enabling rapid and accurate stress
estimations. The software achieved a prediction accuracy exceeding 0.999 and a mean squared

error of just 1.639, making it a Hity efficient alternative to fulscale FEA simulations. By
11
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minimizing analysis time and complexity, this hybrid tool offers a practical solution for design

optimization and safety assessment of pressure vessels. The study shows the potential of Al
enhancd FEA tools in advancing engineering analysis workflows, particularly for applications

requiring fast, accurate, and scalable stress evaluation.

Fazle et al. (2023)roposed a redlme predictive failure analysis framework for pressure vessels
by integraing Finite Element Analysis (FEA) with advanced machine learning techniques. The
study utilized senseiused datasets and employed Convolutional Neural Networks (CNN) and
Long ShoriTerm Memory (LSTM) models to accurately detect and predict structuréd.failis
fusion of Al and sensor data allowed for dynamic analysis of stress behaviors and anomalies under
varying operating conditions. By training on tirseries sensor data, the models provided early
warning indicators of failure, significantly enhangineliability and safety in pressure vessel
operations. The methodology's strength lies in its adaptability and ability to procesmnecddta,
making it highly applicable to industrial monitoring systems. The research highlights the
importance of comiing FEA-derived insights with deep learning architectures for continuous,
intelligent evaluation of pressure vessel integrity, offering a practical path toward predictive

maintenance and minimizing catastrophic failures in critical systems.

Vardhan & Szfpanovits (2022)developed a deep learnHbgsed surrogate model to replace
traditional finite element analysis (FEA) in the stress analysis eésalpressure vessels, which

are critical for housing electronic components in autonomous underwater ve@inles. the
computational intensity of running FEA simulations for iterative design optimization, their study
aimed to create a more efficient method using machine learning. A deep neural network (DNN)
architecture with nine layers was trained on Fgehersed data to predict maximum Vévlises

stress under varying design parameters, such as vessel thickness-aad dapth. The model
significantly outperformed other machine learning regressors, including Random Forest and
Gradient Boosting, achieving 92%regliction accuracy on sparse datasets. This approach
accelerates the evaluation of design alternatives and supports optimization by bypassing repetitive
FEA simulations. The integration of deep learning and FEA demonstrated a powerful methodology
for reduéng computational cost while maintaining high accuracy in structural integrity

assessments of pressure vessels understseponditions

Zolfaghari & Izadi (2020proposed an Atrtificial Neural Network (ANMN)ased model to predict
the burst pressure of steel cylindrical pressure vessels, addressing the limitations of traditional

empirical, theoretical, and finite element analysis (FEA) methods. Accurate predictiomsof

12



African Journal of EngineeringéRearch and Innovation. VolumeNo. 4, Decembef025

pressure is vital for the safe design and-effgctive operation of pressure vessels, particularly
under highpressure or hazardous conditions. The researchers used 90 experimental data points
with parameters including vessel dimensions and nat&rengths to train the ANN. The model
employed a twédhiddenlayer architecture and achieved a high correlation between predicted and
observed values, with a maximum relative error of only 8.89%. Compared to five classical
prediction criteri@ including hose byFaupel (2022)Svensson (2021)and Christopher et al.
(2002p the ANN model consistently demonstrated superior accuracy and generalizability. This
study exemplifies the effective integration of machine learning into structural integrity assessment,
offering a robust alternative to traditional FEA for burst pressure prediction across a wider range

of vessel geometries and materials.
4. Fatigue and Failure Prediction

Classical fatigue assessment and failure prediction is based on the following twelatanship

curves (Fricke, 2013), herein referred to as classical fatigue life prediction approaches and are used
in designing against fatigue failures. FirstlyNSapproach, describing the relationship between
fatigue life in cycles (N) and applied eis parameter (S). Examples of stress parameters include
nominal stress, maximum stress or stress amplitude. Secondly, the fraetthranics approach

which treats growing of cracks using developed using crack propagation laws (e.g. Paris Law)
based on freture mechanics, and assuming an initial crack length. Another approach is the strain
based approach, which involves more detailed analysis of the localized yield that may occur at
stress raisers during cyclic loading (Dowling, 2013). However, new apm®dohfatigue life

assessment have been proposed.

Physicsinformed Neural Networks (PINNs) are an emerging class of machine learning algorithms
that integrate physical la@stypically formulated as partial differential equations (P3ES)
directly into the leming process, offering enhanced accuracy and physical consistency in
engineering simulationZhou et al. (2025)leveloped a general PINN framework for fatigue life
prediction in metallic materials by embedding partial differential inequalities, derroed f
experimental and theoretical observations, into the neural architecture. Their model was validated
using fatigue data from LZ50 and SLM 316L steels as well as nine additional metals, and
demonstrated improved predictive accuracy and generalizatioca@wegntional neural networks,
particularly in highcycle fatigue scenarios relevant to pressure vessels. Complementing this,
Goswami et al. (2020proposed a PINN approach specifically for brittle fracture analysis,

reformulating the training objective minimize variational energy rather than equation residuals.

13
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This energybased method simplifies boundary condition enforcement and reduces computational

load. The study also introduced transfer learning and NUB&®d geometric modeling to
enhance perfonance in complex domains. Together, these contributions emphasizes the growing
utility of PINNs in fatigue life prediction and stress analysis, especially for complex,-satetsl
structures like pressure vessels, where combiningdiatan learning wh physical fidelity is

essential.

Bayesian Inference has emerged as a powerful methodology for addressing uncertainty in fatigue
life prediction and stress analysis of structural components such as pressureKessalsar et

al. (2012)employed a Bgesian framework to estimate the Remaining Useful Life (RUL) of an
aircraft fusel age panel subjected to cyclic
lawd such as the c¢rack growth const a@m$ndom and
variables, the study generated probabilistic fatigue crack growth curves using a random walk
method. These predictions were iteratively refined using simulated data, capturing both model and
sensor uncertainties to enhance RUL estimation accuracy. BuildihgsathrectionZhuang et al.

(2024) applied Bayesian inference to estimate the Equivalent Initial Flaw Size Distribution
(EIFSD) in shallow shell structures and pressure vessels. Their method combined Bayesian
networks with surrogate modeling via ®oiging and crack growth simulations using the Dual
Boundary Element Method (DBEM). This hybrid strategy lowered computational demands while
preserving high accuracy, supporting effective inspection and maintenance planning. Together,
these studies outline th&manding role of Bayesian methods in fatigue life prediction, providing

robust and efficient tools for uncertainty quantification in critical engineering systems.

Ou & Guo (2025)present a dadaven deep learning framework for predicting fatigue life in
additively manufactured metallic materials, with relevance to stress analysis in pressure vessels
where fatigue failure is critical. Their approach combines Gated Recurrent Unit (GRU) and
Transformer models in a parallel architecture to effectively capboteé local and global
dependencies within fatigue data. This hybrid structure enables robust feature extraction across
varying load conditions, essential for assessing structural health in complex systems like pressure
vessels. The model's performanceaudifer enhanced through Hybrid Leaddased Optimization
(HLBO), which efficiently tunes hyperparameters to improve prediction accuracy and
generalization. Validated on the FatigueDAM2022 dataset, the framework demonstrates
superior accuracy compared traditional deep learning models, especially in handling-high
dimensional, multmodal fatigue data. This research highlights the potential of advanced deep

learning techniques in improving fatigue life prediction, contributing to more reliable condition
14
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monitoring and maintenance planning of critical components in sségtsitive engineering

applications.

Guo et al. (2025) and.i et al. (2017)both present advanced multiscale modeling frameworks
using crystal plasticity (CP) to enhance the predictfdowe-cycle fatigue (LCF) in pressure vessel
materials by accounting for microstructural effec®io et al.introduced a coupled CP and
multistage fatigue (MSF) model to predict the LCF life of latieected energy deposited (LP

DED) TC11 titanium alloysised in aerospace pressure vessels. Their model integrates crystal
or i ent -mthimorphology) and evolving micromechanical damage, achieving a high
prediction accuracy with a mean error of 4.6%. Experimental validation showed that features like
baskéweave microstructures significantly enhance fatigue resistance. Similarlgt al.
developed a ClBased multiscale finite element model for P91 steel undertbigperature
conditions, incorporating realistic grain and precipitate geometries, stralremfraffects, and
dislocationbased cyclic softening mechanisms. Their model accurately predicted crack initiation
cycles and demonstrated the detrimental impact of precipitate coarsening on fatigue life. Both
studies highlight the critical role of micrtoscturesensitive modeling in capturing anisotropic
deformation, dislocation dynamics, and multiscale damage progression, thereby advancing fatigue
life prediction and structural integrity assessment of pressure vessel materials under complex

loading ancenvironmental conditions.

In recent advancements in structural health monitoring, Digital Twins (DTs) have emerged as
transformative tools for redgime fatigue life prediction and stress analysis in pressure vessels. For
instanceKhaled et al. (2025)eveloped a DT framework that integrates Internet of Things (loT),
simulation, and fatigue modeling to monitor damage in pressure vessels subjected to cyclic
loading. The system is built upon a 3D finite element (FE) model of a redaaégiphysical twin,
continuously updated using experimental pressure data. The DT incorporates both uniaxial and
multiaxial fatigue criteria, selecting the maximum principal sttessed S/N curve approach for
damage prediction. Various approaches,-Bdsed, incremental, amtntinuous damagewere
evaluated to enhance prediction reliability. Hybrid modeling techniques, combining physical
models with machine learning algorithms like Bayesian neural networks and Gaussian process
regression, were explored to improve accuracy @sponsiveness. This digital twin enables
predictive maintenance, mitigating costly inspections and unplanned downtimes. The research
highlights the utility of DTs in identifying critical zones, quantifying progressive damage, and
optimizing inspection sadules, particularly in safetyritical applications like chemical reactors

and hydrogen storage vessels.
15
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Probabilistic methods have become indispensable in the fatigue life assessment of pressure vessels,

particularly where failures are initiated by inbet material defects such as pores or inclusions.
Todinov (1998)presented a foundational probabilistic framework that models the initiation of
dominant cracks from categorized defect types and sizes using Monte Carlo simulations. The
research revealed thacatter in fatigue life arises more from the statistical variation in defect
characteristics than from differences in crack propagation, and that reducing pore sizes below a
critical threshold (415 Om) y i el disporance iofma | b
defect characterization in enhancing fatigue life predictions. Building on this, Cronemyr &
Eriksson (2024)introduced a practical tool integrating probabilistic fatigue analysis with robust
design principles. Their method combines finiteneat analysis (via ANSYS) and quality
management tools (e.g., Excel and Minitab) to generate regression models and response surfaces,
allowing designers to address variability in loads, materials, and environmental conditions early
in the design cycle. Thiapproach enables the creation of robudt 8urves under variable
amplitude loading, thus improving eadyage decisiomaking. Complementing these
contributions, Faghihi et al. (2017)developed a comprehensive probabilistic framework
incorporating fague testing of Ti6Al4V alloys, continuum damage mechanics (CDM), and
Bayesian model calibration. Their methodology accounts for uncertainties in model inputs and
experimental data through global sensitivity analysis and Monte Carlo simulations, supporting
predictive reliability under higieycle fatigue. Collectively, these studies highlight the evolving

role of probabilistic fatigue modeling in delivering more accurate, robust, aneftestive life

predictions for critical pressure vessel components.

In the pursuit of accurate fatigue life prediction for complex pressure vessel strusturgt al.
(2018) developed a novel reliabilitpased methodology utilizing a tirwvarying surrogate
modeling approach. Recognizing the limitations of traditioe&tninistic models in accounting

for uncertainties such as material variability, fluctuating loads, and model imperfections, the study
introduces a Tim&arying Particle Swarm Optimizatidmased General Regression Neural
Network (TV/PSGGRNN) model. Thisurrogate model is designed to address the computational
challenges of Monte Carlo simulations by combining efficient sampling techniques, like Latin
Hypercube Sampling, with the robust nonlinear mapping capabilities of GRNN, optimized via
dynamic PSO. Theroposed framework significantly improves computational efficiency while
maintaining high prediction accuracy for fatigue life under multiphysics interactions. Validation
was carried out on an aircraft turbine blisk, where the model successfully capliabdity

distributions and failure sensitivities. This study draws to our attention the importance of
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integrating machine learnifgased surrogate models with probabilistic design methods to manage

uncertainties in fatigue analysis, offering a powetdol for enhancing reliability and supporting

design optimization of critical structural components such as pressure vessels.
5. Experimental Techniques and Validation

Experimental techniques and validation methods play a crucial role in the stress avfalysis
pressure vessels, providing reliable data to verify analytical and numerical models, assess
structural integrity under operational conditions, and ensure compliance with safety standards

across various industries.

Therefore, experimental validation issential for improving the accuracy and reliability of stress
analysis models in pressure vessel design. Zhu (2025) focused on validatingitheiZkedact
flow solution from the work done b¥hu & Leis (2006)for thick-walled cylindrical pressure
vesselghrough a series of fulicale burst pressure tests. Unlike the traditional Barlow formula

(0 — , 0 which assumes thiwalled geometry and neglects plastic fébwhe Zhu Leis

solution incorporates multiaxial plastic deformation, extendingpdicability to both thinand
thick-walled configurations. Six fulscale burst tests on Grade B carbon steel pipes with varying

D/t ratios confirmed the solutionbés predicti:
data in verifying advancetheoretical models. SimilarlyDilip & Kumar (2014) performed
experimental tests on cylindrical vessels with 45° oblique nozzles to validate nonlinear elastic
plastic finite element analysis (FEA) predictions. Using hydrostatic testing and distortion
measirements, along with methods such as the Twice Elastic Slope and Tangent Intersection, their
results closely matched FEA outputs. Together, these studies emphasize the indispensable role of
experimental testing in verifying both analytical and numericalety) thereby ensuring robust

and safe pressure vessel design under complex stress states and geometric configurations.

Digital Image Correlation (DIC) is a nezontact, fultfield optical technique that has emerged as

a vital tool for stress and strainaysis in pressure vesselodrigues et al. (2014emonstrated

DI Cbs effecti venes-waled gylindripap lesselsnvgth dorrosion defedtsh i n
showing that it could accurately measure both elastic and plastic surface strains. Their results
correlated well with strain gauge data and highlighted discrepancies in traditional burst pressure
prediction models, where DIC measurements confirmed the conservativeness of the BNV RP
F101 method. SimilarlyXu et al. (2016)used 3D DIC to evaluate sindields around pit defects

under varying internal pressures. Their study emphasized that maximum strain occurs at the

deepest point of a pit and decreases radially, offering key insights into stress concentration
17
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behaviors. Complementing these experirakstudieslava et al. (2020jocused on integrating

DIC with Finite El ement Anladwelilsi fdd& Amettthao d.uc
DIC images from FEA outputs, they ensured accuratefi@ll comparison, overcoming
limitations such as rekdion and coordinate mismatches. This fusion of DIC and FEA provides
robust model validation and enhances confidence in simulbiead assessments. Collectively,

these studies underscore DIC's critical role in both experimental and computationailovaebfiat
pressure vessel behavior. Its Aatrusive nature, redlme capabilities, and ability to resolve
complex stress patterns around defects make it indispensable for improving structural integrity

assessments and advancing safety in industrial appiisa

Photoelasticity is an established experimental technique used in stress analysis to visualize and
quantify stress distribution, particularly around discontinuities in mechanical structures such as
pressure vessels. In a studyRgstor et al. (2015photoelasticity was applied alongside Digital
Image Correlation (DIC) to assess stress fields in a model with stress concentrators under bending
loads. The photoelastic method utilizes polarized light and birefringent materials to produce
isochromatic finge patterns, where each fringe represents a constant difference in principal
stresses. The researchers employed a polariscope and optical compensator to efedrsfraiss
distributions and identify areas of stress concentration, including thaséoles, notches, and

other geometric features. Their study demonstrated that photoelasticity enablameaeal
observation of stress redistribution and elaglastic transitions under varying loads. The method
allows optimization of structural comporterby identifying higkstress regions and suggesting
modifications to improve reliability and reduce weight. The results also served to validate
numer i cal simul ations, highlighting photoel a
design optimizaon of pressurdearing components.

Strain gauges have long served as an effective and economical tool for experimental stress
analysis, particularly in validating Finite Element Analysis (FEA) models of pressure vessels.
Sulwinski & Johnston (2023presated a comprehensive methodology for comparing FEA
predictions with strain gauge measurements using a pressurized cylindrical vessel. The study
employed 45° threaxis strain gauge rosettes to capture normal strains at critical locations
identified throughpreliminary FEA. These strain readings were converted into principal strains

and stresses, von Mises equivalent stress, and maximum shear values using analytical equations
grounded in plane stress assumpti owes.usedto sual i
compare the stress states obtained experimentally and numerically. The results demonstrated a

strong correlation between FEA and strain gauge data, with percentage differences mostly within
18
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5%, affirming the reliability of both the modelingsumptions and the measurement techniques.

This work underscores the critical role of strain gauge validation in refining numerical simulations

and supporting structural integrity assessments of pressure vessels.
6. Future Trends and Research Directions

Thefuture of stress analysis in pressure vessels is increasingly being shaped by the integration of
advanced digital technologies. Atrtificial Intelligence (Al) and Machine Learning (ML) are
anticipated to revolutionize retime stress monitoring and prediai maintenance, enhancing
operational reliability. Emerging methods like Phydic®rmed Neural Networks (PINNs) and
multiscale crystal plasticity models offer improved fatigue life prediction by embedding physical
laws and microstructural behavior intatedriven models. Digital Twin technology, coupled with
Internet of Things (IoT) systems, enables 4tgake simulation updates and conditibased
maintenance strategies. Bayesian inference and probabilistic approaches are gaining traction for
uncertaintyquantification and lifecycle predictions. Despite these advancements, challenges
remain in standardization, validation, and regulatory acceptance of these novel techniques. Future
research should focus on hybrid frameworks that combine pHyased and A models,
multiscale material behavior simulation, and robust experimental validation to ensure the safe,

efficient, and coseffective design of nexgeneration pressure vessels.

7. Conclusion

In conclusion this review has highlighted the progression from classical stress analysis
techniue such as anal ytical met hods based on Lam
like photoelasticity and strain gauge measurendetdsmodern computational and Ahharced

methods in pressure vessel design. While traditional techniques provided essential insights into
stress behavior, they are limited in addressing complex geometriesphydics interactions, and

reaktime monitoring needs. Advanced tools like Firilement Analysis (FEA) and Adriven

predictive models, including machine learning algorithms and digital twin frameworks, now
enable accurate stress estimation, fatigue life prediction, and corgbtsaal maintenance.
Integrating classical principles withese innovative technologies is crucial for developing safe,

reliable, and efficient nexgeneration pressure vessels.
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Abstract

Power Line Communication (PLC) has emerged as a promising technology for broadband access,
home networking,and smart grid applications due to the availability of existing power
infrastructure. However, its performance is significantly affected by noise, particularly
narrowband interference and impulsive noise, which degrade data transmission reliability. Unlike
Gaussian noise, impulsive noise in PLC is irregular and complex, originating from both natural
and marAmade sources, making it difficult to model using conventional techniques. This study
investigates narrowband noise interference and characterizes iwvapaotise in lowvoltage
broadband PLC networks within an urban Kenyan environment. Measurbasat analysis was
conducted using data from diverse locations, capturing theviamgng and frequenegelective
properties of PLC noise. Various noise modelsluding Middleton Class A, Bernoulli Gaussian,

and Symmetric Alpha Stable distributions, were applied to evaluate their suitability for modeling
impulsive noise. Additionally, time series approaches such as ARMA, ARIMA, and SARIMA
were employed to capte the stochastic and seasonal behaviors of noise. Findings reveal that
impulsive noise exhibits significant amplitude variability, strong burst characteristics, and
frequencydependent attenuation, consistent with prior studies but influenced by |oealrke
structures. The results contribute to improved noise characterization, offering insights for

developing robust algorithms to enhance reliable PLC communication in hostile environments.

Keywords: - Alpha Stable distribution, Bernoulli Gaussian distribution, Impulsive Noise,
Middleton Class A distribution.
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1. Introduction

In the 50 60 Hz frequency range, power lines are made to carry electricity from a few sources,
such generators, to a large numbg users. Protecting specific areas of the power distribution
network in the case of a malfunction was the main goal of the initial data transmissions across
power lines. Power line communications (PLC) are primarily used for power line protection. To
reduce the impact of a failure, power plants, substations, and distribution centers must quickly
transmit information when one is discovered. Towers used for power transmission are sturdy
constructions. Therefore, any protective signaling mechanism wouldtegxest on the networks

from a reliability perspective. The telephone networks do not adequately serve many remote
regions. It was found that using the current power lines for signaling and information exchange is

an effective way to secure the powerteys[1].

Analogue telephone systems are used to send the highest amounts of data concurrently with voice
data for telemeteringna security purposes. Automatic telemetering and remote status parameter
monitoring without humans are becoming more and more helpful these days. Digital
communications across electricity lines have a somewhat more important role than telephone
systems thee days. Given the length of time that data transmission over electrical lines has existed,

it is currently gaining increased attention.

Only a few Kbits per second is the data rate needed for telemetering and security. The Mbits per
second of data utiled for multimedia applications cannot be compared to it. A confluence of
events that occurred in the riotlate 1990s is the answer. An illustration of this is the internet's
emergence and rapid expansion in the 1990s. The technological developmengttalosidnal
processing (DSP) and very largeale integration (VLSI) were the cause of this expansion. The

global liberalization of the telecommunications industry has made the last tendency2horse

Power line communications are now adigte technology for higispeed home networking and
could be a solution to the "last mile" issue as a result of the previously listed events. Power line
communications (PLC) can be eithergremises (also known as "last inch") omp@mises (also
known & "last mile") access. Other lasile access methods including cable, wireless, and Home
PNA are inferior to power line communications. The guidelines created by the Home Phone
Networking Alliance serve as the foundation for phtine networking, often kown as Home

PNA. Figure 1.1lillustrates the concept of 4premises networking, whilgig. 1.2illustrates the

Al ast mi[Bled concept
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PLC is one of numerous potential technologies that are made available by the "last mile" access,
which also includes broadband wireless, cable modems, and various forms of Digital Subscriber
Lines (xDSL). Is PLC not seen as superior to other technologies, or are the other technologies

flawless or superiaio PLC in every way?

The primary advantage of PLC is that power lines are already in place, making it the ideal medium
for delivering broadbandonnections to urban areas where data and phone infrastructure are
common. Hence, saving on additional cabling. PLC improves energy use, enhances
communication, and most importantly, allows for the use of renewable energy JdiircHse

result is that it has become onetloé key components of modern communication. Some of the

resulting benefits include:
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a) Cost effectiveness
PLC uses existing power lines infrastructure, which brings down the cost of initial implementation
to a minimum compared to the use of separate copp8beroptics networks or standalone
communication wireless methofy.

b) Enhanced Reliability
The main observation in the use of wireless systems is that there are data transmission difficulties
resulting from interference. PLC minimizes these issues and provides stalitarmatassionf4].

c) Scalability
PLC system can be modified with new devices and technologies without large changes to the
infrastructurd4].

d) PLC improves energy management.
The implementation of the PLC system for energy management is important because it
minimizes energy consumption. Transmission of information in real time makes it possible for
utilities to understand consumption patterns and use demand response mehsucapability
IS a prerequisite to modernization of thehimuse power network and results in energy being
distributed according to the needs at the time of distrib{ipn

e) PLC and renewable energy sources
The complexity of incorporating such resources into the power lines increases with the
correspondig increase in the share of renewable energy sources. PLC is easily integrated with
renewable energy sources as an efficient way to supervise the distribution of energy resources
within the power line structuri®].

f) Emerging trends and market drivers
According to Coherent Market Insights, the use of PLCesysthas projected values of the
global PLC market between 2024 and 2031, ranging from USD 18.87billion to USD23.5billion
respectively. This implies a compounded annual growth of 5.1% between 2024 and 2031. This
growth is driven by increasing adoption of®technology and global initiatives directed

towards enhancing efficiency in power distribution netw§és

1.1.Motivation In Researching On Impulsive Noise Characterization In Broadband PLC

Utility service providers, who are leading the charge in its deployment, are paying close attention
to PLC because of the advantages it can ¢fferA large geographic region is already covered by
PLC-based metering devices to create a comprehensive Automatic Meter Reading (AMR)
infrastructure, and the deployment of PLC devices to colmergy consumption data from

customer locations is growing quickly. In addition to demonstrating utility service providers'
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interest in this technology, the widespread usage of-Pdsed technologies in recent AMR

installations also demonstrates an effee strategy for achieving the objective of developing an
Advanced Metering Infrastructure (AMI). A fully functional system will be achieved by utilizing

the existing AMR infrastructure and turning it into a strong AMI by adding new, creative methods
to identify power outages, creating consumer information systems, improving distributed
automation, and being able to identify fraud and demand response management by taking
advantage of PLC. It can be difficult to extend the use of-Baskd technology taesve crucial
applications, though. PLC must comply with stricter standards than AMR due to the frequency
selective attenuation of communication signals transmitted over power lines, along with the effects
of random impulsive noise (IN) and narrowband ifgence (NBI) present in the power line
environment. Consequently, reliable and efficient data transmission requires the use of robust and

precise signal processing algorithms designed to address the challenges of such a hostile medium.

This has promptedsuto focus on the transmission channel and the characteristics of the
interferences affecting its efficient use, with a focus particularly on Impulsive Noise as our main

area of researd®].

1.2.PLC Standards and Regulations

For universal applications of PLC, there is a need for proper standardization to enhance the quality
of communicationsThe biterrorrate (BER) and signdb-noise ratio (SNR) are two examples of

the parameters that need constant and regular monitoring. Because PLC technology is developing
so quickly, researchers and ngovernmental organizations are establishing guidsliand
standards to enhance its quality and interoperability. Making electrical power lines more secure

and suitable for the transmission of voice, video, and data information a s the rationale behind this.

The bodies charged with developing and regulasitagndards in the global telecommunications
sector are the International Telecommunication Union (ITU), the European Committee for
Electrotechnical Standardisation (CENELEC), the Institute of Electrical and Electronics Engineers
(IEEE), the International IEctrotechnical Commission (IEC), the International Organization for

Standardization (ISO), and the Federal Communications Commission (FCC).

Standards for both broadband and narrowband PLC have been established by all of these

organisations. However, feaw-speed transmission, the ITU recommends the latter be used in the

frequency range ofigl90 kHz. CENELEC is supported by several internal bodies that undertake

specialized functions to ensure effective operation. For example, EN30QGGHkresses

electromagnetic disturbances, frequency ranges, and general requirements for signaling -over low
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voltage electrical networks. The EN55022 standard focuses orspéagud PLC within the 150

500 kHz range, whereas EN50065ubgroups primarily deal with narrowband PG the other

hand, the IEEE 1901.1 standard targets access communication systems under |IEEE patents and is
designed for smart grid applications requiring control transmissions below 15 MHz. These
standards also define modulation techniques and signalgcechemes. An updated version, IEEE
1901.2, recommends convolutional codes (CC) and fSedémmon (RS) coding, and is fully
compatible with Internet Protocol version 6 (IPv6). Furthermore, both the ITU and IEC have

played major roles in shaping severatle#se narrowband PLC standajéls

1.3.Challenges h Powerline Communications

Power line systems face the challenge of not being originally designed fdrelguency data
transmission. Unlike dedicated data wiring, their routing is predetermined for power delivery and

not known in advance, as the infrastructure was primarily tauiklectricity transmission.

This means that the system may at times emit significant amounts of energy, either due to external
signals or radio frequency interference. A key limitation is that shortwave frequencies are shared
by both highpower broadcadasservices and lowower longrange telemetry. To mitigate
interference and frequendependent path losses, the HomePlug standard mandates that each

node continuously update its Atone mapso dur.i

This enabl es t he deenties are problenfatic aral toragsignamoiie data tof r e
those experiencing minimal loss. While this approach reduces intrusion, it does not provide a
straightforward means of instructing a HomePlug device to lower its transmitted interference when

sensitive redging equipment is nearby.

Signal levels in a powerline system are relatively high compared to those received in radio
communication devices. Each carrier occupies a 24 kHz channel, with a typical power density of
150 dBm/Hz. Carriers are injected atappri mat ely 16.6 dBm (220 mic
channel power of about 24 dBm (250 milliwatts). In contrast, slkiave radio receivers have
sensitivities around 1T100 dBm (fractions of a
have been madto impose legal action on users of power line equipment that interferes with

government radio systeniB0].

1.3.1. The Power Line Channel as a Transngsion Medium
Since the power line carrier was not constructed with data transmission in mind, it offers a hostile

environment. The main obstacles are high amounts of frequEpsndent attenuation, a
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significant amount of newhite noise, and variation impedance. The transfer function of a very
complex line network is present in the channel that connects any two outlets within a building.
Transmission loads of various impedances are present in the several stubs that areTtidized
amplitude and phasessponse of such a transmission medium typically exhibit significant
frequencydependent variations. On some frequencies, the signal may reach the receiver with very
little loss, while on other frequencies, it may be totally distorted. Because netwarkgiars

change when devices connected to the network are plugged in or turned off, the channel transfer
function itself is time changinid1].

The location of the transmitter or receiver for instance, a power outlet can negatively impact
transmission error rates. A receiver positioned near a noise source will have a loaktosig

noise ratio (SNR) than one placed farther away. In many cases, such noise originates from devices
connected to the network. Unlike wireless channels, signal propagation in power lines does not
follow a direct lineof-sight path between the transraittand receiverThe result is that more
echoes need to be taken into account. There are some propagation pathways between the
transmitter and the receiver, which is why these echoes happen. In the electric circuit network, the

signal is reflected due tonpedance mismatches along the [h2].

Each multipath component has an associated weighting factor, as it accounts for both transmission
and reflection losses. In power line channels, the trangmissd reflection parameters are
generally assumed to be less than one. Because additional multipath components are generally too
weak to contribute significantly, the number of dominant paths considered (N) is usually limited
toaroundfiveorsix. Asaesul t, a pathos weighting factor
and transmissions it undergoes. Channel measurements further show that attenuation increases
with frequency. Thus, the channel can be described as random andhtiyimay, with itssignat

to-noise ratio (SNR) changing across the transmission bandwidth depending on frequency. Figure
1.3 presents a general channel model of the power line physical layer, spanning the frequency
range from 200 kHz to 22 MHz  As frequency rises, the aflademonstrates increased
attenuatiorj13].
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1.3.2. Classes of Impulsive Noise
To examine the subclasses)ses and bursts are analyzed sequentially, with the pseagileency

of each received signal determined from the peak of its Fourier trangfdini15], [16].

a) Single pulses
Plotting the pulse's duration and harmonic frequency on the same graph provides an intriguing
depiction. The successive pulses, numbered 1 through 1200, aegelipl ascending harmonic

frequency sequence in Fig. 1.4. Two kinds of pulses can be distinguished: 1 and 2.
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Figure 1.4: Duration and pseudo frequency of single pulses.
In fact, there is a strong correlation between low harmonic frequency values and extended pulse
durations; these events will be classified as class 1 (pulses 1 to 800). However, class 2 is associated
with short periods and high harmonic frequencies.
Therdore, in order to categorise each event into one of these two types, quantitative criteria must
be introduced. It is possible to demonstrate that the harmonic frequency transition between these

classes is abrupt by looking at the curves in Fig. 1.4. ihsdbat determining whether a single
pulse's harmonic frequency (f0) is less than or larger than 500 kHz is the simplest method of

classifying it as either 1 or 2.

b) Bursts
The 517 events that wecategorizeds bursts were subjected to the same methoda®gy

before. The findings are shown in Fig. 1.5.
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Figure 1.5: Duration and pseudo frequency of the bursts

Initially, it is observed that bursts 1 to 50 display very low harmonic frequencies, centered around
130 kHz, and are characterized by long duratensc eedi ng 50 e€s, with an
310 e¢s. However, for the remaining events,
frequency is not evident. Hence, a more appropriate representation is needed to relate the harmonic
frequencyfo to the number of observed harmonic periods. As illustrated in Fig. 1.6, three separate

classes can be distinguished according to the-8tegevariation of the harmonic frequerfey
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Class 3 refers to bursts witB<f600kHz, characterized by long durations but a small number of

a rpériods penurstr

of

harmonic periods, as previously described. Class 4 corresponds to buhsts the range

500kHz<f0<3 MHz, where the duration decreases while the number of harmonic periods

increases. Finally, Class 5 represents bursts W3 fHz, which exhibit a higHrequency

content (with a mean value of about 10 MHz) and variable dusattomumbers of harmonic

PS¢

periods. Table 1 presents a summary of the different impulsive noise types along with their

probabilities of occurrence

Single pulse
Class | Class 2
fo <500 kHz f o> 500 kHz
Pb=48 % Pb =20%
Burst
Class 3 Class 4 Class 5
fo<500 kHz | 500 kHz<f,<3MHz fo> 3MHz
Pb=3% Pb=11% Pb=18%

Table 1: Classification of impulsive noise types and their occurrence probability (Pb

The analysis isherefore restricted to impulsive noise with an average frequency content above

500 kHz, as this range falls within the transmission bandwidth of the useful signal. Consequently,

the statistical evaluation in Section 1.3 concentrates on Classes 2, 41&hd 5
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1.3.3. Impulsive Noise Models
There argwo groups of impulsive noiséNatural impulsive noise originates from atmospheric
phenomena and solar activity, whereas artificial impulsive noise arises from factors such as
switching operations, signal dropouts, or data degradation. Trains -@vaolapping pulses make
up artificial impulsive noise, whereas the random superposition of pulses caused by atmospheric
influence produces natural impulsive noise. A 1stationary, twestate series of impulses with
random amplitudes and positions is how Middleton's model depicts impulsive[b8js§l19],
[20].
Middleton provided the first comprehensive model of impulsive noise, characterizing it as a
sequence of impulsive or pulsed events that happen at random and change in strength and length
over time. Impulsive noise, acaling to Middleton's model, is a netationary, binarstate series
of impulses with arbitrary amplitudes and positi¢], [19], [20].
The Symmetric Alpha Stable and Bernoulli Gaussian models are among the most widely applied
in studies seeking to match fastder noise statistics with recognized distribution. The following
are the most often ad models that show up more commonly for impulsive noise modelling:

a) Gaussian Mixture Model

It is possible to observe distinct regions in complex data, some of which have higher probabilities
than others. This kind of data complexity is representedcoyrdination of multiple components,

each of which has a straightforward parametric form, like Gaussian. In this instance, it is assumed
that every data point is a part of one of the components, and each component's distribution is
allocated separately.

The data is thought to come from a mixture of a finite number of Gaussian distributions with
unknown parameters in a Gaussian Mixture Model. Within this probabilistic framework, the
probability density function (pdf) of the random variable iskrepresenteds a weighted sum of

several Gaussian distributions.

K
P(N) = % P(Nkpm,0m®) 1.0
N m=0
Hnk; pum, Gm2)-denotes a Gaussian pdfiith mean pm, variance, andPm is the mixing
probability of them-th Gaussian component, which sumsto 1, i.e.,

K
x R=1, O<R<1 (1.2)
m=0
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Various distributions are based on the Gaussian mixture; Middleton Class A and Bernoulli
Gaussian models are among these.
b) Middleton Class A Model

For impulsive noise, Middleton put out thisatistical models that were characterized by the noise
bandwidth in relation to the receiver. These models have been frequently used to solve
communication and electromagnetic challenges.
Class C noise is a combination of Class A and Class B noiseCia$is A noise having a smaller
bandwidth than the receiver and Class B noise having a wider bandwidth. Among these, the
AMi ddl eton Class A0 model is most frequently
The number of impulses in an observatiomiqee TO, denoted by L in the Middleton Class A
model, is thought to follow a Poisson distribution. In other words, this model incorporates the
impulse width, making it a variation of the Poison model.

PTo(L) = (of".eT®

L!

(1.3)

where E is the aver age Thisithetaeeragemimber ofpnpulseséns p e r

the periodTo). Then, the pdf of a Middleton Class A noise sanmglés given as below:

K
P(n) = % P(n:pm,0m?)
m=0
(1.4)
Pm =AM.¢e"
m! (1.5)

The parameter A measures how f®aussian the noise is. Index of Impulsivity (rsiructure

index) The impulselensity during the observation time, denoted by A, falls within the range A
(0,). Fewer events indicate lower A values, where the instantaneous noise qualities are dominated
by the individual events. According to the Central Limit Theorem, the stategbiooach the
Gaussian distribution as A increases and the noise becomes less organized.

The Gaussian pdfE(nk; um, dm2) in (4) are zero mean withariancem 2 which is given by

Lo,lmz = ﬁ_*‘ gZ (16)

| is the variance of the impulse noise @Aas the variance of the background Gaussian noise.

Them-th variance can be written equivalently as
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0n? = @ —+ 1§ = 1.7

The par aghietisealled theGaussian factor and gives Gaussian to impulse noise power
rat i @g?+ il 2sthe total power of noise.

By tuning its parameters A aitdthe Middleton Class A distribution can represent a wide range
of nonGaussian noise densitiesidtworth noting that, for impulsive noise in PLtypically

falls within the range c[10 °.1]
and
Af[1072, 1] (1.8)
c) Bernoulli Gaussian Model

Another widely used impulsive noise model is the Bernoulli Gaussian rf&ideln this

approach, the ovall noise samplex can be represented as
Nk =Wk +ik
wherewg is the white Gaussian background noise iamgltheimpulsive noise sample given by
ik =bx .0« (1.9)

Sincebx is the Bernoulli process argk is complex white Gaussian noise with mean zero, the

likelihood of impulsive noise appearing is

(1.10)
In (10),p represents the impulsive bursts probability of occurrence.
The Bernoulli Gaussianoise model is described by the following
p(nc) = (- p). (0, 0g®) +p. (Mo, lig” + &) (111)

Where (n.0, m?§

Gaussian noise model is a Gaussian Mixture with two terms.
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d) Alpha Stable Model

The Symmetric Alpha Stable distribution is often utilised in impulsive noise modelling, even
though the noise models mentioned above are the most widely employed. According to the Central
Limit Theorem, as the number of variables goes to infinity, the alised sum of independent,
identically distributed random variables with finite variance converges to a Gaussian distribution.
The Generalised Central Limit Theorem states that the sum converges to an Alpha Stable
distribution when the finite variance rastion is lifted, permitting both finite and infinite

variance

Alpha stable distributions are rarely widely used because, with rare exceptions, their pdfs cannot
be stated in closed forms. Due to the ability to compute with powerful computers, Alpka Stab
distributions are currently being employed more and more in PLC noise models. An Alpha Stable

random variable's characteristic function defines it
t(u) F @d Qad 0t |1

o) iexp [j.c?.u —Jr”..!.!|f.|,1 + j.B.signlu ltau|ﬁ—f]|}, a=l
Pl }=1 | ) o
| exoiidu-— }*.|u|.[1 — 82 sienh )l a=1 (1.12)

wherethe sign function is defined as

J ] u=0
_x-r'g:;r{u-}: 0, u=0
l— ., w<0 (1.13)

The characteristic exponent that governs the
0 and 2. The values of the skewnesspa e r -1 B C ®fibresyménetrical distributions, right

skewed distributions, and leskewed distributions.

Lastly, the random variable is scaled using
using t he s hiThdmeanataa Agha Stable distriluor =2 —F-y-tanlr.a/2)
for 1>U, but undefined for 10 U

Similarly, the variance of the distribution
variance 2=22 9 i s

When U = 2, the Gaussian distribution is a p
typically stated as 0=b even though the val
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distribution wih 1 = U, O=b and the L®vy distribution

examples. Alpha Stable distributions are taken into consideration for modelling impulsive noise

since their tail decay is slow, with the exception of the Gaussian situation.

1.3.4. Time Seies Analysis of Impulsive Noise in Power Line Networks
PLC channel noise, where continuous observations are measured at discrete points in time, is
modelled using stochastic models. These models are typically called time series models because
they officially represent measurement data that is available across discrete time in the form of a
time series. Time series analysis is the process of applying time series phenomena to real data. A
time series is a collection of observations organized chronologiealdyit is important to note the

observations' sequence of occurrefd, [23].

Ignoring this chronological arrangement of the data would result in the loss of a large portion of
the time series' information and make it more difficult to predict future event patterns. The
resulting time series is referred to as discrete as thedieated for this study are observations
made at distinct times.

There are numerous intrinsic benefits to this. First off, the mathematical theory behind the several
kinds of stochastic or time series models that may be created for modelling PLC clmasmel n

time series is significantly simplified by the equispaced discrete time. Second, if the data is in the
form of a continuous time series, it must be lumped together over specified time intervals in order

to be converted to discrete observatifid.

Drawing conclusions about the fundamental characteristics of the stochastic process from the data
in the obtained measurement time series is the primary goal of time series analysis. This is achieved
by creating a mathematical model that, whetedi to the provided time series, has the same

essential statistical characteristics as the stochastic process's producing mechanism.

Currently, time series models have received much attention on addressing the problem of
impulsive noise in PLC. A statiany DARMA time series model is applied to model PLC
impulsive noise, after it has been made stationary through a developed algorithm. In the same way,
a GARCH model is also employed to address the problem of impulsive noise. This is predicated
on the volatity clustering observed in PLC noise. In any event, the seasonal behavior that is
common in PLC impulsive noise as a feature that cannot be assumed or diminished is not
adequately captured by these e series models. Thus, measuremdiatsed analysiis one

way to increase our understanding of impulsive noise modelling in PLC.
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This is carried out for the fundamental properties of PLC impulsive noise in the frequency range
of 1 - 30 MHz using ARMA, ARIMA, and SARIMA time series models. The problem of PLC
impulsive noise modelling can be more effectively tackled by utilizing tbtasistical techniques,

which improve the scientific process. Exploratory and confirmatory data analysis methods are used
when conducting such scientific data analysis utilizing time series models. Exploratory data
analysis uses straightforward graphidathniques (autocorrelation functions) to reveal the
fundamental statistical properties of the data. A time series model can then be used to explicitly
model these at the confirmatory data analysis [22]) [23].

2. Methodology
2.1.Measurement Setup and Data Processing

Numerous experimental tasks are necessachaoacterizempulsive PLC noise, and these tasks

can be carried out at the ports to which the primary noise sources or receiver coupler are connected.
With the former method, communication is hampered by the general noise in the power line
channel. However, by assessing #imount of disturbance each major source of noise contributes

to a specific location within the power line network, the latter method allows for the
characterisation of the sources. For this investigation, measurement data was collected at specific
locations using the former meth¢2b].

2.2 Measurement Setp

Measeoed data for

T

Coanputer for processing data

Rigol DS2202A DSO PLC Coupler connected %
the power line aetwork

Figure 2.1 PLC noise measurement set up.
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Figure 2.2: A sample measured Ph@ise signal
Using the seup of Figure 2.1, sample measurement data was acquired from diverse locations
i ncluding residenti al apartment s, O ces amon
sample at 50 megasamples per second, resulting in-s@&@8&d window length (14 mains cycles).
This sampling rate resulted in a window | enc

noi sedbs seasonal behavior.

A lower sampling rate than this value would result in a longer window length, resulting in the loss
of the desired seasonality information. On the other hand, to capture adequate information about
the seasons in impulsive noise, a higher sampling rate would not provide the desired window

length.

According to studies, impulsive noise in PLC systemsaraginate from a variety of sources,
including switched mode power supplies, lightning, thermostats, and other switching phenomena,
as well as from the in and out switching of capacitor banks for ptagtar correction.

Recent studies have shown that ithpulsive noise generated by fluorescent lights can rival the
levels of electromagnetic interference. This poses a significant challenge to PLC systems, as the
electronic power converters and ballasts within these lights act as noise sources withih the 15
kHz to 30 MHz frequency range of the power line channel. Additionally, it has been established
that impulsive noise is introduced into the power line network by equipment such as rectifiers in
DC power supplies, power switches, power supplies, and lothisehold appliances that employ
thyristors or triacs to dim lights. Similar appliances and gadgets are widely present in the

measurement contexts that are being studied.
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2.3 Di erencing Analogy in Processing PLC Noi

A nonstationary time seriesith fluctuating statistical characteristics over brief time intervals is
what PLC noise is known as. However, there are situations when assuming that a stationary model
can adequately reflect the data is appropriate for shorter sequences. A differanamgter that
corresponds to the integrated component of the model is utilised to handle homogeneous non
stationarity in continuous data; it works similarly to differentiation. For example, consider a

continuous timalependent function given §g5], [26].

{ 0 fort<T
I = -
c fort>=1

In this case, the constant aepresents the local level fort > T. When t > T, differentiation removes
the local level that the constant ccc introduced, and the derivative dy/dt becomes zero. Consider
the second derivative applied to a continuous function of t to see a comparaatt ohghe

differencing operator:

y; = ¢+ bt

where b and c are constants. The process yt's linear deterministic trend is formed by the phrase (c
+ bt). The yrst derivative value i s

dy

N dy __
- = b and 5 = 0.

As a result, the first derivative loses the intercept ¢, while the secondtilerigats rid of the

linear function. To maintain as much of the data substance as feasible while differencing the data,
it is recommended to choose the lowest order of differencing. Error analysis is used to compare
the performance of nedifferencing, no-seasonal differencing, and seasonal differencing in this

paper.
2.4 Theoretical Framework on Time Series Models for PLC Impulsive Noise

PLC noise is a nostationary time series whose statistical characteristics vary over short intervals.
However, br shorter sequences, it may be reasonable to approximate the data using a stationary
model. To mitigate homogeneous rs&tationarity in continuous data, a differencing parameter
associated with the integrated component of the model is applied, functio@mganner similar

to differentiation. In general, impulsive PLC noise has morestationary and seasonal features.
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As a result, before fitting a stationary ARMA, ARIMA, and SARIMA model, 1seasonal and

seasonal nogtationarities must be eliminatagsing norseasonal and seasonal differencing

operators, respective[22] [23]
3. Results

Raw data ommpulsive noise through a PLC channel for 59 different samples from a secondary
source were considered. The samples were analyzed for a period of 14mSeconds each. Each
sample resulted in a graphical representation of amplitude in mVolts against timecionase
Below we show impulsive noise characteristics of randomly selected samples (72, 60, 36, 24,
and 12), indicating that impulsive noise is intensive in the last mile PLC with extracted bursts of

the same.

Impulsive noise Voltage vs Time
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Figure 3.1: sample number 72
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Figure 3.2:Sample number 60
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Impulsive noise Voltage vs Time
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Figure 3.3: Sample number 36
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Figure 3.4: Sample number 24
Impulsive noise Voltage vs Time
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Figure 3.5: Sample number 12
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Making deductions about the fundamental characteristics of the stochastic process from the data

in the obtained measurements and time series sifta primary goal of time series analysis.

This is done by creating a mathematical model that, when fitted to the provided time series, has

the same essential statistical characteristics as the stochastic process's producing mechanism.

In recent yearsjrhe series models have gained considerable attention in tackling impulsive noise
in PLC. A stationary DARMA time series model has been applied for this purpose, following the
development of an algorithm that renders the impulsive noise stationary. Sinald@ARCH

model has been used, based on the principle that PLC noise demonstrates volatility clustering.
However, both of these models fail to capture the seasonal behavior inherent in PLC impulsive
noise a critical characteristic that cannot be overldakesimplified. Consequently, this study

advances impulsive noise modeling in PLC through a measurdrased analysis approach.

ARMA, ARIMA, and SARIMA time series models are used to analyse the basic characteristics of
PLC impulsive noise in the frequney range of 1 to 30 MHz. By improving the scientific approach,

these statistical techniques enable the urgent issue of PLC impulsive noise modelling to be
resolved more quickly and effectively. Both
emppyed when undertaking such scientiyc data

Exploratory data analysis uses straightforward graphical techniques (autocorrelation functions) to
reveal the fundamental statistical properties of the data. Time serietsrnadehen be used to
explicitly represent these at the confirmatory data analysis step.

4. Discussion

Drawing conclusions about the fundamental characteristics of the stochastic process from the
data in the obtained measurement time series is thergrgoal of time series analysis. This is
achieved by creating a mathematical model that, when fitted to the provided time series, has the

same essential statistical characteristics as the stochastic process's producing mechanism.

Time series models havecently attracted significant attention for addressing impulsive noise in
PLC. In this context, a stationary DARMA model is applied once an algorithm has been used to
render the impulsive noise stationary. Likewise, a GARCH model is employed, leveragdegathe

that PLC noise displays volatility clustering. However, both approaches fall short in capturing the
seasonal behavior characteristic of PLC impulsive noise a fundamental property that cannot be

ignored or simplified.
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Therefore, in a real effort to jpmove our comprehension of impulsive noise modelling in PLC,
measuremembased analysis is the method employed in this content. The fundamental properties
of PLC impulsive noise in the frequency range of 1 to 30 MHz are analyzed using the ARMA,
ARIMA, and SARIMA time series models. These statistical techniques provide a more rapid and
efficient resolution of the pressing problem of PLC impulsive noise modelling by enhancing the

scientific approach.

Both exploratory and c o rempoyedwhenupderthkingauchanal y s |

scientiyc data analysis involving time series

Exploratory data analysis uses straightforward graphical techniques (autocorrelation functions) to
reveal the fundamental statistical properties of the data. Time sevsls can then be used to

explicitly represent these at the confirmatory data analysis step.
5. Conclusion

In order to assess the noise in the time domain for an indoor power line communication system,
we put up a measurement system design in our sddased on its amplitude and the intervals
between impulses, the statistics of impulsive noise in PLC were recorded. The findings of this
study are consistent with those of earlier research that assessed noise in PLC. These were
contrasted with the findgs of previous literature reviews. The variations may be due to the fact

that electrical networks have quite different physical properties and structures.

The difference between the durations and the mean and standard deviation of the amplitudes is

rathe substantial.

We came to the conclusion that the noise durations and amplitudes are fairly large. Large
transients, equipment voltage spikes, lightning, electromagnetic interference on the network, and
unidentified features of the power cables are theses of the noise signals' extremely high
amplitude. It is evident from the noise PSD that the most severe noise disruptions are caused by
the generated noise.

The switching instances, which are typically unpredictable, determine these disruptions. Indoor
PLC networks suffer greatly as a result of the extremely high and irregular noise in power line

networks.

Impulsive noise characteristics are used to compare noise obtained in various places between 30

and 500 kHz based on fundamental features in the dreyuand temporal domains. We
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demonstrate that the noise level in the entire frequency band, NBI, is higher when measured in the

last mile. MCA and thg -stable distribution model are used to further construct impulsive noise
models. Given that the-stable distribution model fits noise better, this can be considered white

noise in the frequency range above 50 kHz.
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Abstract

Solar energy is becoming a key contributothte global transition from conventional energies to
norrconventional energy sources. Implementation of energy sources like solar involves a
complicated tradeff between technical, economic, environmental and social factors. Modelling
tools are thereforeeguired to provide an idepth set of criteria across the technical, economic,
environmental and social dimensions. To provide adequate information for decision makers, solar
energy modelling tools are required to provide vital information such as thet dioemal
irradiation, capacity factor, land slope and topography, grid accessibility and technology maturity
and efficiency, the capital investment cost (CAPEX) and the discount rates, the cost of energy
produced (Levelised Cost of Electrick{ COE), operational and maintenance costs (OPEX), the
land use impacts which include habitat disruptions, biodiversity and ecosystem impacts, carbon
footprint and lifecycle emissions which include manufacturing emissions of carbon dioxide, social
acceptance, job cation potential, policy support and the alignment with energy strategies of the
country. As a matter of fact, modelling of an energy system should capture externalities, both
positive and negative, that will provide a detailed assessment of the actuaiherand societal

costs and the overall Levelised Cost of Electricity. By incorporating these externalities, an energy
modelling system will provide the true cost of energy that will offer incentives to investors and
enable policymakers to align countriegth the appropriate energy investment strategies which
may include provision of subsidies and tax reliefs. This paper will present a review of the techno
economic modelling tools for solar energy, identifying their gaps, and propose modifications to
the LCOE calculations that will provide a realistic cost of solar energy by incorporating
externalities, in order to understand the capabilities of these solar energy modelling tools. The
proposed modification of the LCOE methodology herein referred to asPBolbased Power and
Environmental Costing Assessment tool (SPECA) modelling tool is used to model a PV system
and validated against other modelling tool. The LCOE values of HOMER and SAM are 36.85%
and 53.98 % lower as compared to that of the SPECA mgdelah.

Key words: Levelised Cost of Electricity, Externalities, Environmental Impacts, Life Cycle Cost
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1. Introduction

As the global population and living standards increase, the demand for energy is also rising. Kenya
is rapidly developing its Renewable &gy Sources to reduce its ovetiance on fossil fuels[1].

For example, geothermal energy has contributed immensely to the overall electricity capacity,
increasing from 13% in 2011 to 26% in 2015, while hydropower and fossib&iseld power each

add 36%o the energgystemWind energy, cogeneration and solar PV contribute the remaining
2% with an annual growth rate of approximately 2.25% [2]. This increase in energy demand must
be met sustainably, without compromising the ecosystems, and also bée afpateeting the
energy needs of future generations. The immediate and future challenge has been, and will always
be, meeting the energy needs of the @rewing populations at the lowest possible cost, without
impacting the environment and human healidchneeconomic modelling tools are utilised to
assess the viability of the energy resources prior to the power plant's construction, in order to
estimate the plant's performance, the likely pollutants it will emit, and the overall energy cost,to
determire the plant's feasibility. Many of these tools employ the Levelised Cost of Energy (LCOE)
as a comparative metric to assess the feasibility of different energy power plants, in relation to
their lifetimes, cost structures, and capacity factors, from anosgicperspective3]. LCOE is

utilized by power producers as a utility factor to estimate the cost of power produced by any power
plant [4]. The calculations to arrive at this factor take into consideration all the expected lifetime
costs of the powaplant, including but not limited to all taxes, fuel costs for conventional energy
power plants, capital expenditure for the project, incentives in the form of grants, inflation rate,
operations and maintenance costs, and insurances, divided by the didcengrgy production

from the power plant [5]. A low LCOE indicates a low unit cost of energy, whilst a high LCOE

indicates a higher unit cost of energy. In numerical form, LCOE can be expressed as:
000 O—

Where0 is the annual power outpin kWh.

0 is the equivalent annual lifecycle cost of the power plant.

0 0 o) —]

Where 0 is the cost of the equipment, land, construction and installation, testing and
commissioning of the plant arid is the cost additional to the capital cost to find out the total

present value of cost over the lifetime of the power plant.
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2. Materials and Methods

2.1 Included models
A lot of work has gone into the development of Solar PV modelling tools. To ensure that only the
most recent and active tools are analysed, a criterion is set that each of the modelling tools will
have been used in a publication after 2017 and that thertacst be active. Since the modelling
tools are continuously being updated and others are being developed, to ensure that only current
information is provided in this paper, the developers' websites will be accessed to note any recent
updates to the modwig tools so that the modelling tools can be validated.

2.2.Modelling tools features and properties
The model categorization consists of the capabilities of the modelling tool in conducting technical,
economic, environmental and social parameters ofr ®Maenergy system. This assessment will
enable us to determine whether the tool is capable of assessing the solar PV in all the four
parameters. Energy modelling tools are developed to solve problems like power system analysis,
operation decision suppahd investment decision support and the investigation of future energy

scenarios.

Techneeconomic analysis of power generation systems gives great insights into the economic
viability of the power system to be designed and constructed. Due to the gredaimgp of these

tools in modelling, simulation and techeoonomic analysis, there has been a number of studies
that have attempted to assess the capability of these tools. These reviews have evaluated the
features of the techreconomic tools with eachf these tools having unique features tailored to
meet specific objectives in techhegonomic study of power generation system[5]. [6] has
reviewed 68 technreconomic tools based on their capabilities to simulate, create scenarios, create
equilibriums, cary out topdown analysis, carry out bottom up analysis, optimize operations and
optimize the energy investments and finally analyzed and described in detail and in collaboration
with developers 37 of these tools for the renewable energy penetration imgpodthjd 3] noted

that there is no single computer tool that can meet all requirements in an energy system but each
tool is only able to meet a specific objective for a specific energy scenario. The main objective of
this study was to come up with an id&adl that could be used to highlight the effects of renewable
energy integration into different energy systems through modelling. It was concluded that the wide
range of these tools in use differ significantly in terms of the regions they analysehtiwdgies

they consider, and the objectives they fulfil [6].

Additionally, studies on the capabilities of standalone tools like EFOM, MARKAL, MOREHYS

(Based on BALMOREL tool), Invert and UREM were discussed [7], [9] respectively [8] indicated
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that althagh energy system optimization models (ESOMs) have provided direction on how to
handle energy policies and effects to the climate, the uncertainties within the model structures and

the inputs these models are not adequately addresses or ignored altogether.

Among these tools employed for techemonomic analysis are the Hybrid Optimization for
Modeling Electrical Renewables (HOMER) , RETScreen Expert, SAM, Aeolius, EnergyPLAN,
EnergyPro, MARKAL/Times, ETEM, Modest, Sifre, LEAP, BCHP Screening Tool,
HYDROGBEMS, and TRNSYS16 and many more [10]). There are quite a number of software tools
that can be used to optimize and simulate ensygtems 11]. HOMER and RETScreen are the
most popular Techr&Economic tools. HOMER has the capacity of simulating and opgtigniz
renewable power systems in standalone or grid linked configurations the purposes of determining
the cost effectiveness of the power plants [20]. This tool can be used to evaluatdstiamqEbwer
generation systems as well as grid connected systemgiote areas, islands and buildings to
summarize their environmental, technical and economic benefits with a main objective of
minimizing Net Present Costs (NPC)(Ma, Xue and Liu, 2018) [13]. Homer optimizes the system
components of the power system toyide energy cost but does not look at all the costs associated
with civil and structural work, installation amgeration 12]. RETScreen is a project analysis and
decision support tool developed by Natural Resource Canada. RETScreen does not provide
renevable energy system optimization rather it analyses the energy scenario provided that the
energy mix input is provided by the user and-ptides detailed cost analysis, financial analysis

and emissio@analysig19].

[16] Used, HOMER which can be used foth standalone and grid connected systems to optimize
system energy systems and RETScreen that can analyse energy scenarios in an energy system, the
two most favorite modeling softwares to model and simulate a hybrid energy system to assess the
cost effeaveness of these HES in electrical power production. Salehin et al., 2016 employed
Homer to optimize the HES components, LCOE and RE penetration into power systems. In their
paper, necessary information was provided for identification of appropriate etosigfor

different application in modelling. The following section discusses the development of a SolarPV
based Power and Environmental Costing Assessment tool (SPECA) modeling tool. This involves
the mathematical derivation of the solar photovoltaicesgst cost modeling of the different solar,
guantification and monetization of externalities and finally tying all these components to make the
new SPECA modeling tool. Chapter four applies the SPECA modeling tool to perform some case

studies of the differd regions to show the capability and working principle of the tool.
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3. Formulation Of The SPECA Modelling Tool

The central block diagram of the solar PV based Power and Environmental Costing Assessment
tool (SPECA) is shown in Figure 1. The inputs to this tool include the location, Direct Normal
Irradiation (DNI), load data, environmental and remvironmental datacomponents, and their
respective cost characteristics and the energy model of solar PV. The SPECA tool analyses and
computes the input data yielding the total system output which includes the LCOE, Net Present

Cost (NPC),IRR, cash inflow, cash outflowdsthe total energy output.

A A

Figure 1 Main Block Diagram of the SPECA Model

As discussed in previous chapters, the tool is developed overcome the failure of other tools to
include the environmental impacts of Solar PV in the determination of the sys#ios such as

annual energy generated in a given region, Energy payback time, Net present value, Levelized cost
of electricity, Levelised Externality Cost of Energy (LECOE) and Levelised Total Cost of Energy
(LTCOE). LTCOE defines the amount of moneydper kWh of energy when externalities are
incorporated while LECOE defines the externalities per kWh of energy generated. The SPECA
modeling tool is implemented using basic visual programming. A graphical user interface (GUI)
provides an interactive usplatform. The Structured Query language (SQL) is used for database
development. The SPECA modeling tool, therefore, has the Graphical user interface (GUI) and
the database. The GUI is window based and provides functions to manipulate the data according

to the requirements. The interface calls stored procedures in the database for data processing and
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data retrieval. Finally, the database keeps all system data enhancing data integrity. The database
used is a relational database management system, whitfigsogoft SQL Server. The database
stores the tabular files of DNI, the cost of equipment used for solar photovoltaic and their types,
different environmental aspects of the other regions in Kenya. The process flow diagram of the
SPECA model is described Figure 2.

User inputs

Data stored

Simulation

Figure 2: SPECA Model System Architecture

3.1.SPECA Modelling Tool Formulation
The SPECA modeling tool is a mathematical developmentutiietes the LCOE methodology.
From the first principles, LCOE is expressed as a fraction of the total costs the lifetime energy
production as described by Equat(1).

. 1
LCOE = Total life cycle cost 1)

life time energy production

To capture the Externality Cost (EC) of solar PV, the LCOE methodology is further restructured
to yield the Levelised Total Cost of Energy (LTCOE) as defined by Equation (2). The difference
between LTCOE and LCOE in this paper is referred to as Leveliseinality Cost of Energy
(LECOE) as defined by Equation (2).

k
. EC
iCOwL()&M, +RC +RV | ;
(+r) (+r)
iEO(d)’
= (1+r)

2)
LTCOE =2
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Where i-! represents the aggregated environmental aneeneimonmental impacts the cost

of the USSE and k represents the affected impacts

3.2. Structure of the SPECA Modelling Tool
The SPECA modeling tool developed is used for sizing and determining the economic viability of
Solar PV systems in a given location. The input parameters to the SPECA modelling tool includes
weather data, load demand, ecosystem goods and services, aakhthphotovoltaic component
characteristics and costs. After computation, the software results output includes energy generated,
LCOE, net present value (NPV), number of panels used, the total area occupied by the plant and
the BOP and the number of lates. The SPECA modeling tool incorporates and synthesizes the
externality cost of solar photovoltaics. The SPECA modeling tool most outstanding achievement
is its ability to incorporate the externalities (associated environmental costs) in the outpcg met
herein referred as LECOE and LTCOE. The user guide of the SPECA modeling tool is described

in Appendices.

4. Baseline Results

The SPECA modeling tool demonstrated through simulations how monetization and incorporation
of externalities of USSE waschieved using the advanced LCOE methodology. The externalities
that have been monetized and incorporated in the modeling of Solar PV using the SPECA
modeling tool are divided into two major categories, that is, teelsoaomic indicators and the
environnental indicators as shown in Table 1. The Teekoonomic indicators measure the
performance of the plant, anticipated costs incurred by investors of USSE and the surrounding
communities. On the other hand, the environmental indicators reflect the axesdlUSSE,

which were quantified and monetized in this paper.

Table 1: Techndcconomic and Environmental Indicators

Techno-Economic indicators Environmental Indicators
0 Energy Generated in the whole lifespan 0 Water pollution
0 Cost of energy production 0 Fatalities and morbidity
0 Levelisedcost of electricity (LCOE) 0 Ecosystems service loss
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Techno-Economic indicators Environmental Indicators
0 Levelised externality cost of electricity 0 Total emissions
0 Net present value

0 PV externality cost

As earlier explained in Chapter Three, the SPECA modeling tool is a tecbhnomic assessment

of the viability of utilization of solar energy in the different regions of Kenya. Therefore, the
software generates results according to the inputs given,dingluhe location, Solar PV
components, land use type and the biodiversity type. Accordingly, results from the SPECA
modeling tool are achieved through case studies of the different regions incorporated in the tool.
Section 0 discusses two case studiesedasing the SPECA modeling tool for simulating and

sizing of Solar PV for Lodwar, Turkana county, and Mahiga; Nyeri County.

4.1.SPECA Modelling Tool Application and Results of Lodwar and Nyeri Kenya
4.1.1. Electricity production

Several factors influence tremount of electricity generated, which includes plant availability
hours, load factor, idle capacity, BOP and plant capacity. An increase in the loaddfeaitability
hours, and plant capacity positively affect power generation. On the other hamecteasé in idle
capacity and BOP affects electricity generation negatively. In coming up with the SPECA
modeling tool, the load factor was assumed to be 25%, while the BOP was considered to be 20%
[130], which is mainly applied in many photovoltaic studidmong other metrics, the SPECA
modeling tool calculates for a lifespan of 25 years assumed in this work are the yearly energy
generated, LTCOE, LCOE, LECOEash flows area occupied, number of batteries, and the
numker of solar panels as shownTable2. As shown by Figure 3, the yearly energy delivered
varies according to the DNI, estimated at an average of 1800kWh/m2/yr. The cumulative energy
production in Turkana for the lifespan of 25 years was 790,338.201 MWh. The area required for
installation tomeet the electricity demand was estimated to be 194594.6 m2 of land that required

about 116,944 solar photovoltaic panels and 13350 batteries for an estimated load of 2000 houses.

Table 2: Comparison of Electricity production and land use factor forddadmnd Lodwar

Location Cumulative No of solar Number of The area DNI
energy photovoltaics batteries occupied (n¥)
delivered KWh/m?y
(MWHh) r
Gatarakwa, 505,617.549 116,944 13350 222,144 1600

Nyeri County
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Lodwar, 790,338.201 70894 20025 194,594 1800
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1400000 |
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Figure 3: Yearly Energy Generated (Lodwar)

4.1.2. Cost of Electricity Production Using the SPECA modelling Tool
The techneeconomic indicators which are linked to energy production with USSE include
electricity generation costs made up of capstadts, residual value, operation and maintenance
costs and replacement costs. LTCOE, LECOE and LCOE amstitcemts of the capital cost,
operation and maintenance costs, replacementaustresiduezalue and energy production. In
contrast, théet Preset Value (NPV) comprises cumulative PV and the incremental present value
cost. The cosif electricity production fromUSSE using the SPECA modeling tool are shown in
Table 3.

Table 3: SPECA software outcome for the Life cycle costs of Gatarakwa and Lodwar USSE

Output variable Units Lodwar Gatarakwa
Capital cost $ million 153.5 164.53
Operation & maintenance cost $ million 20.5 22.072
Replacement cost $ 46,496.93 46,662.83
The total cost of Generation $ million 174.009 187.4
LCOE $/kWh 11.149 20.629
LTCOE $/kWh 11.799 21.501
LECOE $/kWh 0.65 0.872

DNI KWh/né/yr 1800 1565
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The SPECA modeling tool estimates the total electricity generation cost in Lodwar and Gatarakwa
at about $ 174 million and $187.4 million respectively. The generating cost components
contributing significantly to the overall generation cost are the capital cost and tecGsis

which individually constitute 88.1 % and 11.7%. In comparison, tHagement cost accounts for
0.2% for Lodwar. The capital cost, O&M costs and the replacement costs in Gatarakwa are 87.8%
12.1% and 0.4%.

The LTCOE, LECOEand LCOEcomputations over the 25 years lifespan of the solar PV was
arrived by discounting all thée cycle costs to present values. A discount rate of 5% was used in
this paper. The LCOE, LTCOE and LECOE for generating electricity in the Lodwar district were
each found to beld.149.$11.214 and $0.065 respectively. All the three costs computaimes

using the SPECA model are nominal (current), meaning that the inflation rates are taken into
account while determining the future costs of USSE. LCOE, LTCOE and LEEC®Hurther

discussed.

The SPECA modeling tool computes the NPV, which examinescdla inflows and cash
outflows, as shown in Figure 2 and Figure. The cash inflow indicates the amount of revenue
generated as a result of selling energy while the caslow is the cumulated yearly expenditure

over the lifespan of the plant. The twoltiews decreases as the plant approaches its operational
lifetime of 25 years. This is caused by components degradation rates such as the core generation
components such as the solar PV and the batteries, which increases the variable costs, fixed

operatio and maintenance costs and hence reducing the net income earned from the sale of energy.

Cash w Flow [ 5) en Mllkon

2Mm

Years

0 2000000 4000000 6000000 8000000 10000000
s

Figure4: Cash inflow for Lodwar
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Figure 5: Cash outflow for Lodwar

The total emissions in the lifetime of USSE is showiT ajgle 2.

Table 2: Quantified and Monetized GHGs

000000 E000000

Amount
GHG Gas (Kg/kWh) Damage Cost($)
As 10.57661851 943571.45
Cd 1.24692765 58347.26
Cco 7607.74317 8037155.53
CO2 24947830.96 658627105
Cr 68.23774516 2390300.48
Nitrates 0.44217687 7215.43
NOXx 43790.91191 346797736.4
Pb 126.5483132 2247502411
PM10 34.69873104 455867.68
PM2.5 2978.895338 64611513.75
PM2.510 2978.895338 14420463.62
S0O2 28107827.69 52555177355
VOC 29317.64441 154384926.6

The GHG with the highegimissiorrates per kWwh are VOC, NOx, CO2 and SO2 while the lowest

comes from PM, CO, Pb, Cd, As and Cr.
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Figure 6: GHG Emmisions

The health cost is based on the Disab#itjusted life years (DALY), whicbescribes the value

of a life lost due to air pollution. Using DALY to value human life is advantageous over valuations
based on accidental death as the former uses a change in the life expectancy, which automatically
factors in that death will come irresgtive of pollution or not. The SPECA determines the cost of

a disease burden using two functions described in unit morbidity value and unit mortality values.
The SPECA modeling tool estimates the health cost that originates from GHG gases using the
diseae burden, as shown in Table 5 below. The EF of each disease indicates the risk of incidence
associated with each disease. The higher the effect factor the higher the DALY, morbidity and
mortality rates.

Table5: Disease Burden

Diseases DALY Effect Factor Unit Morbidity Unit Mortality

Bladder 2.5 0.00121 29344.315 283244.2113
breast 3.9 0.00188 29361.904 283413.988
Colon and rectum 4.7 0.00227 29373.63 283527.1725
Corpus uteri 2.2 0.00106 29344.315 283244.2113
Melanoma 3.2 0.00154 29356.041 283357.3958
Mouth and

oropharnyx 3.5 0.00169 29361.904 283413.988
Oesophagus 9.3 0.00448 29432.26 284093.095
Ovary 6.7 0.00323 29397.082 283753.5415
Pancreas 8.3 0.004 29420.534 283979.9105
Stomach 7.2 0.00347 29408.808 283866.726
Trachea 8.2 0.00395 29420.534 283979.9105
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As earlier discussed in the methodology, LCOE is one of the most critical metrics in the generation
of electricity. It compares the life cycle cost of a plant in its lifespan. In this research, the LCOE
equation in the SPECA modeling tool was amendedctarporate the externalities of solar energy,
which is never done by other software. The SPECA modeling tool can then be used for simulation
from different parts of Kenya with different solar irradiation levels and diverse biodiversity to fully
understand éw the incorporation of externalities affect the LCOE. The difference between the
normal LCOE without incorporating externalities of utidggale solar and the LTCOE when
externalities are included is the Levelized Externality cost of Energy (LECOE)tpbrating the
externalities in the cost modeling of USSE in Lodwar and Gatarakwa using the SPECA model
yields a levelised externality cost of energy (LECOE) of $0.65 and $0.872, respectively. The
LCOE of the two regions, Lodwar and Gatarakwa, are eacii$dand $20.629. The actual cost

of energy in this paper herein referred to as LTCOE for Lodwar and Gatarakwa was found to be
$11.799 an®21.501. The LCOE of Lodwar wéserefore 95.946 of the actual cost of electricity
(LTCOE) fromUSSE whileLECOE fams about 4.05% of the LTCOE. ltis, therefore, clear that
4.05% of the actual cost of electricity is not reflected on the utility bill and therefore borne by
society.

4.2 Validation of the SPECA Modelling Tool
Validation of any model involves performing esgied tests and confidence establishment in the
model [131]. Although model validation is essential, no known test can thoroughly validate any
model, but the confidence in a model is ascertained as it passes through some steps [131]. In [131],
the author&mphasize that model validation is judged about a particular purpose; if the model is
detached from the goal, it is invalid. The SPECA modeling tool, as compared to other modeling
tools, can accommodate the external costs of energy generation, whids tadk are the

environmental costs and the social costs.

The SPECA modeling tool was validated against other existing modeling tools such as HYBRID2,
HOMER, TRNSYS, IHOGA, RETSCREEN, SAM, SOMHESIng their valuation capabilities
categorized under financial valuation, externality valuation, sizing, and monetization of
externalities. The validation of the SPECA model against the others has been achieved through
model comparison in the existingdiature and modeling using the HOMER modeling tool.
HOMER software has been referred to as a global standard for renewable energy microgrids
because of its extensive use in modeling. However, despite being branded the global standard,
HOMER does not accotiior the externalities of solar energy or other technologies as SPECA
does. The other disadvantage of HOMER software, as reported in the literature, is that it does not
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provide a transparent analytical approach to the sizing of the microgrid [132].inTllateons

results for Lodwar carried out using HOMER, SAM and SPECA are as shown in Table 6. The
LCOE values of HOMER and SAM are 36.85% and 53.98 % lower as compared to that of the
SPECA modelling tool. This has been attributed to theincorporation 6 the indirect costs

incurred while generating energy from Solar PV. It is also important to note that HOMER does

not estimate the number of components used, such as solar PV panels and batteries.

Table 6: Validation of SPECA Modelling ToslgainstHOMER and SAM

TOOLS HOMER SAM SPECA
LCOE ($ cents) | 7.04 5.13 11.149
LTCOE ($ cents) | - - 11.214
LECOE ($ cents) | - - 0.065
O&M ($) 154,402 180,008 200,005
NPV (Million $) 8.05 - 20.5
Initial cost (Million | 66 - 174.009
$)

5. Conclusions,Recommendations, and Limitations

The primary contribution of this paper was mainly to develop a teebonomic modeling tool
capable of internalizing the externalities of solar PV. This necessitated the understanding of solar
PV and its interactions witlenvironmental and social impacts. Consequently, the SPECA
modeling tool was developed, which incorporates externalities of solar PV yielding outputs such
as energy generated, cost of electricity production, life cycle costs, Levelized Cost of Electricity
(LCOE), Levelized Externality cost of Electricity (LECOE), and the Levelized Social cost of
Electricity (LTCOE). Having pointed out the inadequacies of the previous existing modeling tools,
the SPECA modeling tool is among the first tools known to accomm@adda quantification and
monetization of externalities of solar PV energy generation. The underlying reasons behind the
development of the SPECA model software were-fold- Firstly, there was a need to inform
decisionmakers and investors of solar phaitiaics in making informed decisions on their
financial viability. The second reason was to educate investors on solar PV with a modeling tool
that detects and informs of the main drivers of USSE and their societal burdens and external costs,
which vyields important information on the environmental tradeoffs. The SPECA modeling

modifies the LCOE methodology to include the externalities of solar PV during modeling. The
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source codes of the software model were written using visual basic (VB) programminghehile

joint evaluation database was written in the Structured Querry Language (SQL). A graphical user

interface (GUI) provides an interactive user platform where the inputs are made or selected.

The literature review conducted revealed that the majoritiyeofechneeconomic modeling tools

of solar PV do not consider the quantification and monetization of their externalities. The study
further disclosed that decision making pertaining to electricity generation technologies adoption is
based on the technolpgvith the least LCOE, life cycle cost (LCC), simple payback time added

to those plants with high NPV, and initial rate of return (IRR). The review further unveiled that
the HOMER software was widely used for teckeumnomic analysis of USSE than any other
software tool, some studies referring to HOMER as a global standard for microgrid design [132].
HOMER quantifies carbon dioxide but do not monetize the respective impacts of the same to the
environment or on human health. The literature review has funthesiled that no tool looked

into the actual cost of electricity, the cost burden borne by the community.

The SPECA modeling tool has revealed that there is always a cost borne by the society of energy
from solar PV. The LCOE of solar PV in Lodwar igetenined to be 95.3 % of the actual value
while LECOE forms about 4.7%. LECOE originates from quantification and monetization of
externalities attributed to the different lange types. The externalities were quantified based on

the biodiversity loss (flm and fauna), normally referred to as loss of ecosystem goods and
services. The value of the different ecosystem goods and services was adapted from a study done
by De Groot et al. [67], where they are converted to proxies of land use per hectare. The mai
outcomes of this research show that while investment in Solar PV technologies is worthwhile, the
nortinclusivity of social and environmental burden in the analysis renders the LCOE obtained a
crude estimate. The LCOE obtained from generating electfiomy Lodwar was $11.149, while
LECOE was $0.065. LECOE is the cost borne by society. Therefore, the actual cost of energy
(LTCOE) is $11.214. LECOE stems up from global warming damages, health burden, and the
impacted biodiversity. The LCOE of Gatarakwalightly higher than that of Lodwar because the
region has low solar insolation. Therefore more solar panels and other components translate to
more capital outlay. On the other hand, the SPECA model arrived at an LTCOE of $ 0.122 higher
than one found ihodwar.
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Abstract

The decarbonizatioof transportation is a critical priority for Kenya as the country seeks to balance
economic growth, energy security, and environmental sustainability. Autogas (liquefied petroleum
gas, LPG) presents a compelling alternative fuel for reducing greenhausmigaions, lowering

fuel costs, and advancing clean mobility solutions. However, the existing autogas distribution
network in Kenya suffers from infrastructural limitations, including inadequate storage facilities,
sparse refueling stations, inefficierduting, and fragmented stakeholder coordination. These
challenges undermine the reliability, affordability, and environmental advantages of autogas as a
transport fuel. This paper presents a hybrid optimization model that integrates Mixed Integer
Linear Rogramming (MILP) and Ant Colony Optimization (ACO) techniques to address these
systemic inefficiencies. The MILP framework optimizes depot utilization, station allocation, and
cost structures, while the ACO component improves route planning to mininiizrygldistances

and emissions. The model was tested under realistic scenarios, including fluctuating demand, fuel
price volatility, peak consumption periods, and network disruptions. Results from the simulations
reveal that the optimized distribution nemk can reduce annual operating costs by 22.5%,

i ncrease depot wutilization by 35%, and | ower
the potenti al of hybrid optimization model s
transport sectoiThe study offers valuable guidance for policymakers, planners, and investors in
supporting national development strategies such as Vision 2030, the Sustainable Development
Goals (SDGs), and Kenyads commitments under t

Keywords: LPG (Autoags), MILP, ACO, Optimization, Simulation, Efficiency, sustainability,

emission reduction.

1. Introduction

Kenyads transportation sector i s a major con
greenhouse gas emissions. With over 2.5 million registezbitles, most running on petrol and

diesel, the sector presents a critical opportunity for decarbonization. The economic burden of fossil
fuels continues to rise due to global oil price volatility and the depreciation of the Kenyan shilling,

making fuelincreasingly unaffordable for many households and businesses.
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Autogas, also known as liquefied petroleum gas (LPG), offers a cleaner and more affordable

alternative. Widely adopted in countries like Turkey, South Korea, and Poland, autogas is
recognized foits lower emissions, affordability, and safety. Despite its potential to help Kenya
meet Vision 2030 energy goals and climate commitments under the Paris Agreement, autogas

adoption remains limited.

Autogas significantly reduces emissions of carbon diexi ( CO ) , nitrogen o0X
particulate matter compared to petrol and diesel, making it especially relevant in urban centers
such as Nairobi, where transpogtated pollution is a major health concern. However, these
benefits are constrained by aefficient distribution network characterized by high operational

costs, poor routing, low depot utilization, and fragmented infrastructure, particularly in rural and

periurban areas.

To address these challenges, this study aims to develop and vallddigd optimization model

that enhances both the efficiency and environmental sustainability of autogas distribution in
Kenya. This involves assessing the current autogas infrastructure, developing a combined Mixed
Integer Linear Programming (MILP) ardht Colony Optimization (ACO) model, and validating

it with realworld data from Nairobi under various disruption scenarios. Improving autogas
distribution will not only reduce emissions but also enhance fuel affordability and accessibility,
particularly br public transport operators like taxis and matatus, thereby supporting investment,

job creation, and improved urban air quality.

Table 1: Emission Comparison of Common Fuels (per km) Source: World LPG Association (2020),

EPRA (2023)
Fuel Type C O Emissions (g/km) | NOx (g/km) | PM (g/km) | VOC (g/km)
Petrol 242 0.27 0.02 0.15
Diesel 275 0.62 0.08 0.12
Autogas (LPG) | 173 0.08 0.01 0.05

2. Literature Review

2.1.Autogas as an Alternative Fuel
Autogas commonly referred to as liquefied petroleum gas (LPG) when used as a vehicle fuel, is a
cleanburning alternative derived from natural gas processing and crude oil refining. During
natural gas purification, heavier hydrocarbons like propane and butaseparated from methane

and collected as LPG. Similarly, LPG is recovered during the distillation of crude oil in refineries.
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As a byproduct of major fuel systems, autogas serves as a-adtled, versatile energy option

for transportation.

One of autogsis key advantages lies in its combustion properties. With an octane rating of around
105hi gher ti®:A Ihsupgpets mavel efligent @gine performance, reduces knocking,
and lowers engine wear. These features enhance fuel economy, especidibnirsettings with

frequent stogstart driving.

Environmentally, autogas is one of the cleanest ftssikd fuels. Its carbon intensity is roughly
30% | ower than petrol, and it emits up to 9
produces ndgyible particulate matter (PM) and volatile organic compounds (VOCs), making it

ideal for reducing air pollution in congested cities like Nairobi, where respiratory health issues are
rising.

Globally, over 27 million vehicles use autogas, supported b itih@n 76,000 refueling stations

across 70+ countries. Leading adopters include Turkey, South Korea, India, Russia, and Poland

countries that have promoted autogas through favorable policies, infrastructure, and incentives.

Beyond its technical and envinmental benefits, autogas is economically appealing. Users can
save up to 40% on fuel costs compared to petrol or dieselan important consideration in Kenya,

where high fuel prices and inflation are straining households and transport operators.

2.2.Global BestPractices in Autogas Distribution
a) Turkey
Turkey stands as the undisputed global leader in autogas adoption, both in terms of vehicle
conversions and refueling infrastructure. As of 2023, over 5.8 million vehicles in the country run
on autogas, representingarly 40% of the national vehicle fleet. More impressively, more than
75% of all fuel stations across Turkey offer autogas, making it as accessible as petrol or diesel,

Key success factors include:

1 DealerOwned, DealeOperated (DODO) business model, ahiincentivized private
investment in autogas infrastructure

1 Government subsidies on vehicle conversionskish government has played a critical
role by offering substantial subsidies and tax incentives for vehicle conversion Kkits,
significantly reducinghe cost barrier for endsers.

1 Integration of autogas into conventional fuel stati@eamless integration of autogas into
existing multipurpose fuel stations, eliminates the need for specialized aotdgas

outlets.
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b) South Korea
Sout h Kor euacéess stamstfrargstiic environmental regulations and targeted policies.
The government mandated LPG use for public transport, especially taxis and buses, to reduce air
pollution and emissions. Subsidies lowered conversion and infrastructure costgavtmerships
among government, fuel distributors, and manufacturers advanced autogas technology. This led to
a strong autogas ecosystem with a large LPG vehicle fleet and extensive refueling stations, making

South Korea a model for clean urban mobility.

Figure 1; Seoul LPG taxi refueling station
2.3.Kenya's LPG Context

According to EPRA (2023), Kenyads LPG consun
360,594 tonnes in 2023, yet less than 5% is used in transportation. Most LPG is imported via
Mombasa Portwith limited inland depot capacity. Despite growth, the sector remains nascent for
transport applications. High prices and currency pressures have slowed uptake, with households
reverting to biomass fuels. Currently, only 15,020,000 vehicles run on tagas, supported by

just 917 refueling stations nationwide. Regulatory efforts are improving safety and ov@rsight

EPRA conducted audits at 4,300 LPG outlets and introduced RFID tracking, recovering 26,000
illegal cylinders. Policies such as zeaied LPGtaxes and public reticulation projects aim to
improve access. However, realizing the full potential of autogas in Kenya will require expanded
infrastructure, pricing reforms, and stronger regulation. Despite current challenges, LPG remains
alignedwithkKeyaés cl ean energy goals and presents
sector.
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Table 2: LPG Consumption and Imports in Kenya (2@D23)Source: EPRA Annual Reports (2613

2023)
Year | Total LPG Imports % Used in No. of Autogas
Consumed (MT) (MT) Transport Stations
2012 | 93,600 88,200 <1% 5
2016 | 163,400 158,900 2% 15
2019 | 265,800 260,300 3.5% 30
2023 | 360,594 355,200 5% 58

2.4.0Optimization Techniques

2.4.1 Mixed Integer Linear Programming (MILP)

Mixed Integer Linear Programming (MILP) is a mathematical optimization technique used in
supply chain and transportation planning. It optimizes costs, capacities, and constraints using
continuous and integer variables. In autogas distribution, MILP detesmoptimal depot
locations, LPG allocation, and depot activation while minimizing operational costs and emissions.
It suits structured problems with fixed constraints and works with solvers like CPLEX and
MATLAB. However, MILP struggles with dynamic or oertain conditions like traffic
disruptions. To enhance flexibility and adaptability, it is often combined with metaheuristics such

as Ant Colony Optimization (ACO) for better rdahe responsiveness.

2.4.2 Ant Colony Optimization (ACO)
Ant Colony Optimization(ACO) is a metaheuristic inspired by ants' use of pheromones to find
efficient paths. It is welbuited for complex routing problems like the Vehicle Routing Problem
(VRP) and logistics network design. In autogas distribution, ACO simulates ant ageototise
delivery routes based on past performance andeffisiency. Its key strength is adaptability,
allowing it to respond to traffic, demand changes, or disruptions. ACO balances exploration and
optimization, gradually converging on efficient sotuts. When combined with MILP, ACO
enhances the model 6s f | e x iworidluncertginties ennaaitbgas n g

distribution networks.

3. Methodology

3.1.Study Area
The Nairobi metropolitan region was selected due to its high aulegaand, presence of depots,

and available GIS data. Key areas include Industrial Area, Westlands, Embakasi, and Eastlands.
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3.2.Assessment of the current state of autogas in Kenya
1) Data Collection
Surveys and structured interviews were conducted withskaieholders, including EPRA, fuel
distribution companies such as Proto (Otogas) and Lake Energies, vehicle owners, and industry
experts. Secondary data was collected from reports, government publications, and previous
research. GIS tools were used to niag existing autogas distribution network, including station
and depot locations. Additionally, data on infrastructure, transportation routes and costs, and

demand for autogas in Nairobi and surrounding regions was gathered.

2) Challenges and Inefficienciesdentification
The collected data was analyzed to identify bottlenecks in supply, storage, and transportation.
Inefficiencies, such as unserved areas or regions with high transportation costs, were mapped using

GIS. Regulatory and logistical challengeseafing autogas distribution were also evaluated.

Table 3: Stakeholder Views on Autogas Distribution Challenges

Stakeholder Key Concern Identified Suggested Solution

EPRA Licensing bottlenecks Streamline permitting for autoga

Proto Energy Long turnaroundimes at depots Expand inland depot capacity

Lake Gas Limited station network in Encourage private investments
Nairobi

Transport High conversion costs for Tax incentives and conversion

SACCOs vehicles loans

3.3.Model Formulation
3.3.1. MILP Formulation
The modeformulation involved the development of a Mixed Integer Linear Programming (MILP)
model to optimize the distribution network. The MILP model was initially developed using
hypothetical stations and depots to test its functionality. The MILP model minitoizésvhich
includes transportation costs, operational costs of refueling stations, and environmental impact.

This was formulated as:
0 Q¢ QoB@aBQm B 08 Ve LI ¢ € DO (‘i’)(‘(ﬁ)
Where:

1 cij is the cost of transporting fuel from node i to node |
1 xij is a binary variable for route selection,

1 fkis the cost of operating facility Kk,
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1 vykis a binary variable for facility location.

Constraints include:

0 Demand Constraints: Ensured that the tatabunt of fuel delivered meets the demand at
each refueling station.

Q & 0 "Q¢ @ otk C

Wheredi is the amount of fuel transported from node | to station k and e demand at
station k.

O«

Capacity Constraints. Ensured that the amount of fuel stored does not exceed the capacity of
storage facilities

Q 6 "Q¢ d ax o

where Gis the storage capacity at facility k.

0 Route Constraints Ensured that vehicles travel along routgthin their allowed capacities
and that each route was used appropriately.

® 0 OAE oMU A T

0 Facility Constraints: Ensured that refueling stations are located according to regulatory and
operational constraints.

Table 4: MILP Model Variables and Descriptions

Symbol | Description Domain Units

X_ij LPG delivery from depot i to stationj | Binary Oorl

y k Whether depot k is active Binary Oorl

a_ij Quantity of LPG delivered Continuous | Litres

C_ij Cost per unit distance fromitoj Constant Ksh/km
e_jj Emission penalty per delivery route Constant kg CO
dj Demand at station | Parameter | Litres/day

The MILP model was solved wusing MATLABOGs i

distribution costs while respecting constraints such as depot capacity, station demand, binary route
selection, and environmental penalties. The solver generated three key outputs: optimal delivery
routes, depot activation status, and minimized total tmsbenchmarking. Route utilization

analysis confirmed efficient depti-station connections that reduced distances, avoided
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congestion, and satisfied demand. Depot activation patterns highlighted frequent use of
strategically positioned depots like Emkbai. Results were visualized with scatter plots and
network graphs showing depot and station locations, active routes, and LPG volumes, illustrating
supply redistribution and efficiency gains
logistics.

3.3.2. ACO Algorithm
To implement an Ant Colony Optimization (ACO) approach for optimizing an authsfakution
network, we went through the process dtggstep. This ACO implementation is aimed at solving

a combinatorial optimization problem, where we aimed to minimize costs while meeting all

distribution demands.

Ants represent delivery paths
Pheronone trails updated after each iteration

1

1

1 Routes reinforced based on efficiency

1 ACO used to generate feasible routing solutions
1

MILP evaluates costffectiveness and selects final decision

Initializing Variables

1. Demand, Capacity, and Transportation CostsDef i ned t he networ kods
station, capacity at each depot, and transportation cost matrix.

2. Pher omone \tMau Wijiabzed (albheromone matrix with small values to
represent the pheromone trail for each degpation route.

3. Heuristic Informat i o fe t @ dgfined heuristic information, such as inverse
transportation costs, where lowast routes have higher heuristic values.

Constructing Solutions

Route Selectionwe let each ant build a route by moving from node to node based on a
probabilstic rule that balances pheromone concentration and heuristic information (e.g., inverse
of distance). The probability P_ij"k that ant k moves from node i to node j was given by:
T —
B T -

0

Equation 2: ACQoptimization

wheret is the pheromone level on edge (i,4), is the heuristic value (e.g-, ¥ —) and
(Ni) is the set of neighbors of node i.

Constraints: Ensured that each solution respects depot capacities and meets demand at
eachstation. If a route exceeds capacity, another option is chosen.
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Updating Pheromone Levels

1. Evaporation: Decreased pheromone levels on all routes to avoidreliance on initial
solutions.

t p T p

2. Reinforcement Added pheromone to routes used by ants in good solutions. This update
was done by adjDelta\ga an{ bgsdga gndhe puadity of the solution:

T T wt G

Where@’rgv@ the amount gbheromone deposited by ant k:

’;"Q U
wton = - . Y
UnQvn: ot ™ | @ o

with Q being a constant and Lk the length of the tour constructed by ant k.
Evaluating and Iterate

1. Cost Calculation: For each ant 6s solution, we c al
(transportation + operational costs).

2. lIteration and Optimization : we repeated steps33for a set number of iterations, updating
pheromone trails and reinforcing the best esutach time.

Extracting Optimal Solution
After the final iteration, we selected the solution with the lowest cost. This optimal solution
includes the routes chosen, the depots activated, and the corresponding costs. Visualizing this

solution by mappingut depotstation connections.

MILP AND ACO hybrid model
To further refine our model and enhance its productivity we combined Ant Colony Optimization
(ACO) with Mixed Integer Linear Programming (MILP) creating a powerful hybrid approach to
optimize autogadistribution networks. The MILP model established the framework with
constraints and an objective function, while ACO was used to generatept®aal solutions
within this framework by iteratively improving on feasible routes and assignments based on

pheromone trails.

3.4Scenario Simulation
Realworld scenarios were tested to evaluate the robustness and adaptability of the autogas

distribution network optimization model
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1) Fuel Price Increase

In this scenario, fuel costs rise by 15% to simulate global prazeases. The model must

find costeffective routes and schedules to minimize operational expenses despite higher

fuel prices, balancing supply needs while keeping autogas delivery efficient and affordable.

2) Holiday Demand Surge

During December, autogas demdarises sharply due to increased travel and household use.

Thi s scen

consumption. The system must optimize inventory, depot activation, and delivery

ari o model s a

30% demand sur ge,

schedules to prevent shortagesl maintain smooth supply despite higher demand.

3) Depot Shutdown

This scenario simulates the sudden closure of a major Industrial Area depot, disrupting

supply ro

utes and avail

ability. The

m

and adwate alternative depots is tested to ensure continuous service, assessing the

di stribut

4) Traffic Disruptions

A closure of the Mombasa Road corridor a key transport artery creates logistical challenges

i on networ kos

resilience t

o

odel

oper

for the delivery fleet. The model must adapt by identifying alternative routes and adjusting

delivery

schedul es to b

ypass the affected

flexibility and capability to maintain timely deliveries despite infrastructuottlénecks.

Table 5: Scenario Assumptions for Simulation Testing

Scenario Type

Input Adjustment

Description

Fuel Price Shock

+15% fuel price

Inflation or global crude
spike

Holiday Demand
Surge

+30% demand in Westlands, CBD
Embakasi

December holidageason
impact

Depot Outage

Deactivation of Industrial Area
depot

Simulates fire or mechanica
failure

Traffic Disruption

Closure of Mombasa Road segme

Divert traffic to Northern
Bypass

4. Results and discussion

4.1.Autogas data and state in Kenya

i

The data collection phase gathered essential primary and secondary information on the autogas

distribution network. Primary data came from surveys and interviews with stakeholders like

EPRA, KEBS, fuel companies, and vehicle owners, revealing demandorgsiabncentrated in
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Nai robi 6s -urbabareas. Sacahdagy dataifrom reports detailed depot numbers, station

capacities, and transport routes. GIS mapping showed uneven station distribution, with some areas
underserved. This process exposed digpa in coverage while some regions have sufficient
stations, lowincome and rural areas lack access. Interviews also highlighted poor demand
forecasting by distributors, underscoring the need fordiat@n optimization to improve network

efficiency.

1) Autogas Demand Across Regions

Understanding regional demand for autogas is critical for designing an efficient distribution
network. During the data collection phase, demand data was analyzed to identifiemghd

zones and regions with limited usage. Toléowing chart presents the average daily demand for
autogas in urban, peurban, and rural areas based on survey responses and secondary data

sources:

Figure 2 a bar graph showing the demand of autogas across regions

Autogas Demand Across Regions
5000

4000

3000

nd (Liters/Day)

@
2000
]

Dem,

1000

Rural

Urban Perirljrban
Region

The bar chart illustratemutogas demand across regions. Urban areas exhibit the highest demand
at approximately 5,000 liters per day, driven by dense populations and heavy vehicle use. Peri
urban areas show moderate demand around 3,000 liters per day, reflecting a mix ofakarenti
small commercial activities. Rural areas have the lowest demand, about 800 liters per day, due to

fewer vehicles and limited infrastructure.

2) Depot Utilization

The operational efficiency of depots plays a pivotal role in ensuring the seamlessitibstrad
autogas. Utilization data was collected to determine whether depots were operating within optimal
capacity ranges. Depots with high utilization rates risk supply constraints, while underutilized
depots signify inefficiencies in resource allocati®he pie chart below illustrates the percentage
utilization of major depots in the study area

78



African Journal of EngineeringéRearch and Innovation. VolumeNo. 4, Decembef025

Depot Utilization

Depot A

33.3%
Depot B

21.1%

17.5% 28.1%

Depot C Depet D

Figure 3 a pie chart showing the depot utilization for autogas
The pie chart illustrates depot utilization levels: Depot A operates at 95%, indipassiple
overuse or supply constraints; Depots B and C show lower utilization at 60% and 50%, suggesting
inefficiencies or logistical issues; Depot D operates at 80%, reflecting balanced use. This uneven
distribution highlights the need for better resoustlcation and demand redistribution to

optimize overall network performance.

3) Autogas Station Coverage in Nairobi

Geospatial analysis was employed to map the distribution of austg@sns in Nairobi. The
objective was to identify areas adequately served by stations and regions lacking sufficient access.
Using GISstyle visualization, station locations were plotted, categorizing them into "served" and

"unserved" zones. The scatfot below highlights the disparities in station coverage:

Map  Satellite = - )

H:uyo

Keyboard shortcuts = Map data ©®2024 Terms Repo

Figure 4 A map showing the distribution of autogas in Nairobi
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4.2.Baseline Findings

Before Optimization

1 Average Delivery Distance: Before optimization, average delivery distance was 14.5 km
per route, indicating inefficient routing that increased travel time, fuel use, and vehicle
wear.

1 Depot Utilization: Depots operated at only 51% capacity on average, reflecting underuse
that raises fixed costs and lowers supply chain efficiency.

1 Monthly Supply Cost: Monthly autogas supply costs were about KSh 17.2 million,
covering fuel, labor, maintenance, and other expenses, highlighting inefficiencies in
routing and depot management.

T Traffic Congestion: Heavy congest iagsh on
unpredictable deliveries, and higher operational costs from idling and rerouting.

Baseline Distribution Network (Distance and Cost per Route)

Route ID Distance (km) Cost (KSh)
Route 1 16.8 1,280,000
Route 2 12.5 980,000
Route 3 14.9 1,150,000
Route 4 13.7 1,070,000
Route 5 154 1,200,000
Route 6 14.3 1,100,000
Route 7 15.2 1,220,000
Route 8 13.1 950,000

Baseline Distribution Network

. 16
1,200,000
A A
1,000,000

— a E
— -
_"‘J_ BOD.00 10 o
% 00000 g
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L™ -]
400,000 ) =1
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Route 1 Rowute I Route 3 Route 4 fouts 5 Route & Route 7 Rioute B

Route ID
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Figure 5 a graph showing Baseline Distribution Network (Distance and Cost per Route)
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71 Distance:Shows the length of each delivery route in kilometers.
1 Cost: Represents the estimated supply cost per route per month in Kenyan Shillings,
calculated based on fuel consumption, labor, and vehicle costs.

This baseline data highlights that routes vary mgte and cost, with some longer routes incurring
significantly higher expenses. Optimization would aim to reduce these distances and associated

costs by better route planning and depot utilization.

ACO MILP Hybrid

The ACO-MILP hybrid model combinesAnt Colony Optimization (ACO) andMixed-Integer
Linear Programming (MILP) to address optimization problems, particularly in complex systems
like autogasdistribution networks. Each methodology brings distinct strengths, and their

integration helps tackle both continuous and discrete optimization challenges efficiently.

How ACO and MILP Work Together

Ant Colony Optimization (ACO) is a heuristic inspired byt foraging behavior, ideal for
exploring large solution spaces in routing problems. Ants simulate route exploration, leaving
pheromone trails that reinforce efficient paths, improving over iterations. Mixed Integer Linear
Programming (MILP) is a mathenigal technique that handles both continuous (e.g., fuel
quantity) and integer (e.g., route selection) variables, optimizing a cost function while satisfying
strict constraints like depot capacity and station demand.

In a hybrid model, ACO explores posghlepotto-station assignments, while MILP refines the
best solutions by minimizing costs and ensuring feasibility. This integration is highly effective for

autogas distribution optimization.

ACO-MILP Optimization: Station-Depot Assialér:pents
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Figure 6A representation of ACIILP HYBRID model
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4.3.PostOptimization Results
After MILP-ACO simulation:

1) Average Delivery Distance Reduced to 11.2 km
After optimization, the average delivery distance dropped to 11.2 km by strategically
selecting depots closer to demand points. This improved routing reslageddistance,

increased delivery speed, and lowered fuel consumption and operational costs.

2) Depot Utilization Increased to 69%
The model optimized workload across depots, increasing average utilization to 69%.
Underused depots were activated, and oaeldd ones balanced with alternatives. This
even demand distribution improved storage and infrastructure efficiency, reducing

bottlenecks and delays.

3) Monthly Distribution Cost Reduced to KSh 13.3 Million
Route optimization, demarshsed scheduling, and sreardepot allocation reduced
monthly distribution costs to KSh 13.3 million, demonstrating significant savings and the

economic viability of the optimized model.

4) Emi ssions Reduced by 18% (from 2,890 to 2,
Shorter delivery distancesn d i mproved routing reduced an
cutting 521 tonnes. This highlights the mc
Kenyads climate goals under the Paris Agr e

Table 6: Summary of Simulation ResultBefore ad After Optimization

Metric Baseline Value | Optimized Value | % Change

Total Cost (Ksh/month) 17.2 million 13.3 million Z 22.4
Avg Delivery Distance (km) 14.5 11.2 Z 22.8
Depot Utilization 51% 69% y 35%
Annual CO Emi g2,890 2,369 Z 18%

4.4.Nairobi Case Study Analysis
Nairobi has experienced a gradual increase in the number of autogas stations, driven by the
growing demand for energy as the city's population continues to expand. This rise in fuel
consumption has catalyzed the developmeautdgas stations to meet the needs of residents and

businesses alike.
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For our study, we focused on 12 autogas stations strategically located across different parts of

Nairobi. Additionally, five key depots were identified as the primary suppliers for stasens.
The goal was to optimize the distribution network between the depots and stations to minimize

costs and ensure efficient operations.

Map of Nairobi Autogas Stations and Depots
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Figure 7 A map showing the Autogas stations and depotgeaeised on in our project
4.5.MILP -ACO Model
To solvethe distribution problem, we used a hybrid MHAZO model optimizing the supply
chain under key constraints:
1. Transportation Costs: Costs were based on distance, prioritizing shorter, cheaper
routes.
2. Ant Representation:In ACO, ants represented fuel trucks with fixed capacities,
exploring efficient delivery paths.
3. Station Supply: Depots supplied the nearest stations based on capacity, reducing

transport costs and ensuring timely delivery.

4. Depot Constraints: Each depot quplied a maximum of three stations to avoid

overcrowding and delays, improving operational efficiency.
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Simulation Results

Figure 8 A map showing the simulated routes

Optimized Autogas Distribution Routes in Nairobi
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1. Distribution Plan:

Each of the 5 depots supplied a maximum of 3 stations, engintable use of resources and

avoiding overloading any single depot.

The final assignment of depots to stations was as follows:
T Depot 1 (Kariobangi): Supplied Stations 1, 2, and 3.
1 Depot 2 (Donholm): Supplied Stations 4, 5, and 6.
i Depot 3 (Embakasi Eas$upplied Stations 7 and 8.
i Depot 4 (Embakasi A): Supplied Stations 9 and 10.
1 Depot 5 (Embakasi B): Supplied Stations 11 and 12.

2. Cost Analysis:

0 The total transportation cost was minimized based on Euclidean distances. The optimized

routes reduced overatlileage and fuel usage.

O«

Depots located closer to higlemand areas serviced more stations, balancing efficiency

and logistical practicality
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Discussion

The optimization of the autogdsstribution network in Nairobi provided insights into supply chain
improvements. By limiting each depot to supply a maximum of three stations, the model ensured
equitable workload distribution, reducing bottlenecks and maintaining efficiency. The -Mixed
Integer Linear Programming (MILP) solver minimized transportation costs by assigning depots to
stations based on proximity and capacity. Incorporating Ant Colony Optimization (ACO) could

enhance the model by factoring in r@adrld road networks and traffonditions.

Key assumptions, such as using Euclidean distances for transportation costs and infinite depot
supply capacities, simplified computations but may not fully reflect Nairobi's road network and
inventory constraints. Including these factors waaigrove accuracy. The model is scalable and
adaptable to larger networks, with potential future enhancements like vehicle capacities and

delivery time windows.

Visualization offered critical insights, showing depots, stations, and routes clearly. Oveylapp
coverage areas highlighted opportunities to consolidate depots and optimize service coverage,

emphasizing strategic depot placement to reduce redundancy and improve efficiency.

4.6.Sensitivity Analysis

6 Fuel price hike: When fuel prices increased by 15%, the optimized model limited the
rise in total distribution costs to jusi2%, compared to 45.4% increase under the
baseline system. This demonstrates strong cost resilience through efficient route
minimization.

6 Holiday demand The model dynamically adapted to a 30% increase in demand by
adjusting delivery schedules and reassigning routes, effectively preventing depot

overloading and maintaining service reliability.

6 Depot outage In the event of a major depot shutdowhe system automatically rerouted
deliveries and activated alternate depots without the need for manual intervention,

ensuring uninterrupted supply continuity.

Table 7: Sensitivity Results for Disruption Scenarios

Scenario Cost Increase (%) | Emissions Increase (%) | Delay Impact
Fuel Price Increase 6.2% 3.1% Low

Holiday Demand Surgg 8.7% 5.9% Moderate
Depot Shutdown 9.2% 6.3% High

Traffic Disruption 4.5% 2.8% Moderate
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4.7.Environmental Impact

Autogasdelivery emissions were reduced by 18% through the implementation of optimized
routing and strategic depot selection. Thi s
from 2,890 to 2,369 tonnes. In rembrid terms, this is equivalent to removingpaoximately 240
vehicles from Nairobi 6s roads each year. Th
efficiency but also contributed to environmental sustainability by reducing the carbon footprint

associated with autogas transportation across thamitygurrounding regions.

Table 8: Emissions Reduction by Vehicle Type and Route
Vehicle Type Route (Depo|CO Saved (t
LPGBulk Tanker |[Embakasi Y C|260
Light LPGTruck |Embakasi Y |180
Refill Motorcycles | WestlandsY Par k1|74

Total Reduction T 514

5. Conclusion and Recommendations
5.1.Conclusion

This study developed and validated a hybrid MIA€O optimization model that significantly

improved the efficiency and environmental performance of auttiga#ution in Nairobi, Kenya.
The model achieved:

1 22.5% cost savings
1 35% increase in depot utilization

T 18% reduction in CO emi ssi ons

It successfully adapted to various disruptions, confirming its robustness faraddideployment.

5.2.Recommendatins

1) Policy Recommendations

1 EPRA should mandate dasaaring platforms for LPG distributors
1 Subsidies should be provided for depot development in underserved areas

1 Vehicle conversion support should be introduced via tax credits

2) Operational Recommendations

1 LPG companies should adopt route optimization software
1 Use of GIS tools for depot placement should be institutionalized
1 Conduct periodic reviews of station demawpply gaps
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3) Future Research

1 Extend model to rural areas (e.g., Kisumu, Eldoret)
1 Integrateweather and redlme traffic APIs for dynamic routing

1 Explore coupling with renewable energgwered fleets
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Abstract

Amaranth grains are a highly nutritious food source, yet their commercial popping efficiency
remains a challenge due to energy inefficiency, seed wastage, and inconsistent product quality.
This study investigatethe effect of key process parameters on the performance of a locally
fabricated amaranth popping machine, focusing on popping yield (PY), motor vibration and their

controls.

TheTaguchi Design of Experiments (DO®&gas applied to systematically analyze tmpact of

heating temperature, heating plate material, and motor vibration frequency. This method
streamlined the experimental process by employing orthogonal arrays, which reduced the number
of trials while ensuring robust evaluation of parameter intenast Additionally, nutritional
analysis was performed on both popped angapped amaranth, evaluating moisture, protein, fat

and fiber content to assess the impact of the popping process on nutritional quality.

The findings indicated that a set tempera ofp t 1 and spindle speed of 800 rpm were the
optimum parameters, contributing to 15% seed wastage for the overall performance of the
machine. Nutritional analysis revealed that popping retained protein, fiber and fat content while
reducing the moiste content. These results validate the potential of locally fabricated machines

as scalable solutions for commercial use.

Keywordsi Amaranth, Popping, Optimization, Taguchi, Energy Efficiency, Nutritional Analysis.
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1. Introduction

Amaranth locally known as Terere, is a cereal renowned for its high nutritiahed thathas

gained global attention as a sustainable food source rich in protein, fiber, and essential
micronutrients (Ajmera, 2018). Despite its benefits, commerpralcessing of amaranth
particularly popping faces significant challenges, including energy inefficiency, inconsistent
product quality, and high seed wastage. Traditional popping methods, such as manual pan
roasting, are labeintensive and poorly scalablethile imported automated machines are often
costprohibitive and difficult to maintain in resourtienited settings. This gap underscores the
need for locally fabricated, energyficient solutions tailored to smadkcale processors in

developing regions.

Recent advancements in agricultural machinery design emphasize the integration of systematic
optimization techniques to enhance performance. However, limited research exists on applying
these methods to amaranth popping machines, particularly thosengtilacally available
materials. This study addresses this gap by developing and optimizing-effeosve, locally
fabricated amaranth popping machine. The primary objectives include evaluating the effects of
key parameters such as temperature, vitmafiequency of the motor, and seed quality, while

ensuring nutritional retention.

The Taguchi method was employed to systematically identify optimal operating conditions,
minimizing experimental iterations and resource expenditure. By focusing on enicgney

and scalability, this research aligns with Sustainable Development Goals (SDGSs) targeting food
security and sustainabl e industrializati on.
performance through nutritional analysis of popped seedstiegshat the process retains critical
nutrients while reducing moisture content (Dias et al., 2018).

This work contributes to the growing body of knowledge on -@gozessing technologies by
demonstrating the viability of locally engineered solutiongénya, where agriculture is central

to national development strategies such as Vision 2030 particularly its agricultural pillar aiming to
transform the sector into a driver of economic growth, food security, and wealth creation this
research offers actiable insights. It provides a framework for adapting advanced optimization
technigues to lowesource contexts, empowering srsdale farmers and processors to enhance

productivity and reduce poekrvest losses.
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2. Literature Review

Amaranth processing hagen extensively studied, with prior research highlighting its nutritional
value, highlighting the technical challenges of popping. Early studies identified moisture content
and heating uniformity as critical factors affecting popping yield (Joshi &Cdlg), while others
emphasized the role of thermal conductivity in heating plate materials (Gupta & Sharma, 2020).
However, these investigations predominantly focused on laborstalg setups, neglecting
practical constraints such as affordability amaimtenance in rural settings.

The application of statistical optimization in agymocessing has gained traction, with the Taguchi
method emerging as a robust tool for parameter optimization. For instance, (Kumar and Singh
2021) wutil i zedaldrags toopimidesa mdlet tdehudimgganachine, achieving a

25% improvement in efficiency.

Existing commercial popping machines, though effective, often rely on imported components and
complex control systems, rendering them unsuitable for localizedcdtibn. A review by
(Mwangi et al. 2019) noted that stainless steel and mild steel due to their thermal resilience and
availability are preferred materials for smstlale agreprocessing equipment in sidaharan
Africa. Despite this, few studies havepdored their integration into amararnspecific designs or

evaluated nutritional outcomes pgsbcessing (Adebowale et al., 2021).

This study bridges these gaps by leveraging locally sourced materials and statistical optimization
to develop a scalable ppipg machine. It builds on earlier work by incorporating vibration
mechanisms for uniform heat distribution and rigorous nutritional validation a dimension often
overlooked in prior engineeriffpcused research (Ndiritu et al., 2022). By aligning technical
innovation with socieeconomic realities, this research offers a replicable model for enhancing

food processing in resourcenstrained environments.

3. Materials and methods

This study adopted a systematic engineering approach for the design, fabricatioptimization

of a locally made amaranth popping machine. The machine was fabricated at the Mechanical
Engineering Laboratories, while the nutritional analysis of the popped amaranth was conducted at
the Chemical Engineering Laboratories of Dedan Kimathiversity of Technology. The
methodology consisted of major phases such as, cormgudest design, material selection,
fabrication, experimental setup, testing, and optimization of both the amaranth popping machine
and the amaranth seeds.
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Figure 1.Amaranth popping Machine

The material selection was guided by performance requirements, cost, and local availability.
Stainless steel (Grade 304) was used for the hopper and popping chamber due to its excellent
corrosion resistance, food safety compligraecel ability to withstand high temperatures. Mild steel

was chosen for the frame structure for its strength, affordability, and ease of fabrication.

Heating elements were mounted on brackets welded to the surface of the popping chamber rather
than directy onto it. This design allows for easy replacement and reduces the risk of thermal
damage. The entire assembly process was supervised to ensure adherence to safety and quality

standards.

The feeding system included a hopper, seed control valve, sievegoppihg chamber, all
fabricated from stainless steel to ensure durability, high corrosion resistance, and safe food
handling. These components were designed to facilitate smooth seed flow.

The heating system comprised of the heating coils mounted ongbebthe popping chamber
using brackets, allowing close contact for efficient heat transfer. A thermocouple was integrated
to monitor heat distribution, and a temperature sensor was installed for accurate measurement of

internal chamber temperature.

The vibration mechanism featured a 1400 rpm vibrating motor, securely mounted on the popping
table. This motor ensured uniform distribution of seeds within the chamber, promoting even heat

exposure, enhancing popping efficiency, and minimizing seed burning.

Initial trials were carried out to evaluate the effects of temperature and time on popping efficiency

and quality. Key performance indicators included:
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1 Popping efficiency (% of seeds successfully popped),
1 Seed wastage rate (burnt orpopped seeds), and

1 Enegy consumption.

A digital thermocouple was used to monitor chamber temperature during testing as the ambient

temperature was measured by the use of anrattahermal camera.

Optimization of operating parameters was conducted using the Taguchi De&gperiments
(DOE) method. An L16 orthogonal array was employed to study the effects of two control factors,
each at three levels. Table 1 presents the selected factors and levels, while Table 2 outlines the L16

experimental design

Table 1. Experimental Factors and Levels

Factors Level 1 Level 2 Level 3 Level 4
Popping Temperature (°C 100 140 200 300
Spindle speed (rpm) 800 1400 2600 3000

Table 2. Taguchi L16 Optimization Parameters

Experiment Spindle Speed Temperature
Number (rpm) (°C)
1 800 100
2 800 140
3 800 200
4 800 300
5 1400 100
6 1400 140
7 1400 200
8 1400 300
9 2600 100
10 2600 140
11 2600 200
12 2600 300
13 3000 100
14 3000 140
15 3000 200
16 3000 300
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The amaranttseeds were then subjected to various test to determine their nutritional value

retention such as protein testing, fat content retention and fiber content analysis as described.

a) Protein Testing

Protein retention in popped versus fuopped amaranth seeds was determined using the Kjeldahl

met hod. Crushed samples (0.2 g) wer seledungest e
catalyst for ~3 hours until a gregellow ammonium sulfate solutidormed. The digested sample

was neutralized with NaOH, and evolved ammonia gas was distilled into boric acid containing
bromocresol green indicator. The ammebdaic acid complex was titrated with 0.02N HCI to

quantify nitrogen content. Protein percentage calculated as

%Protein = [(V x N x 1.4007) / W] x 6.25
WhereV = HCI volume, N = HCI normality, and W = sample weight.

b) Fat Content Testing

Fat retention in popped amaranth was analyzed via Soxhlet extraction. Crushed seeds (5 g) were
placed in a thmble and extracted with an organic solvent ficd Aours using a Soxhlet apparatus.

Postextraction, the solvent was evaporated, and the residual oil was weighed.
Fat content (%) was calculated as

(Weight of extracted oil / original sample weight) x 100.

c) Fiber Content Analysis

Fiber retention was analyzed through sequential-al&@ine digestion. A 0.2 g sample was
digested in 30 ml 1.25% H SO (acid digestior
further digested in 30 ml 1.25% NaOH (dlka digestion). The final residue was filtered, oven

dried, and ashed in a muffle furnace.

Fiber content (%) was calculated as

[ (resi due weight T ash weight) [/ sample w

4. Results and Discussion

Taguchidesigned experiments assessed the impact of spindle speed and temperature on popping
efficiency using 500 g samples processed for 2 minutes, with wastage calculated as the percentage
of un-popped and burnt seeds. Optimal results were observe® ghi®0and 140°C (Experiment

2), yielding the lowest wastage (15%) and 425 g of fully popped seeds, indicating a balance

between efficiency and quality.
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Temperatures below 140°C led to highpopped rates (up to 70%), while higher temperatures

caused exasive burning (406 0 % wast age). Additionally, spin

60 100% wastage due to uneven heat distribution.

The Taguchi met hoddés use of an orthogonal ar

processing parameters withmmal experimentation.

Equation 1 was used to calculate the percentage waste. Table 6 contains the results obtained after

the calculations.

Wastagg%) = x 100

Table 3.Results of the seeds wastage after popping amaranth seeds

Exp Spindl Temperat Fully Un- Burnt Wastag

e ure (°C) Popp popped Seed e (%)
No. Speed ed@ (U, ®). Quiality of Amaranth
(rpm) © © Seeds
1 800 100 150 350 0 70% Seeds were of good texture
few popped

2 800 140 425 65 10 15% Seeds were of good quality
3 800 200 300 0 200 40% Popped seeds got burnt
4 800 300 0 500 0 100% No change of the seeds
5 1400 100 200 300 0 60% Few popped

6 1400 140 350 100 50 30% Seeds were of good texture
7 1400 200 250 50 200 50% Popped seeds got burnt
8 1400 300 0 500 0 100% Popped seeds got burnt
9 2600 100 100 400 0 80% Few Popped

11 2600 200 200 150 150 60% Few Popped

12 2600 300 50 450 0 90% Few Popped

13 3000 100 0 500 0 100% Few Popped

14 3000 140 50 400 50 90% Few Popped

15 3000 200 150 250 100 70% Few Popped

16 3000 300 0 500 0 100% Few Popped

To evaluate the nutritional impact of the popping process, a detailed analysis was carried out
focusingon protein content, fiber content, and fat content. Both raw and popped amaranth seed
samples were analyzed at the Chemical Engineering Laboratories of Dedan Kimathi University of

Technology using standard analytical procedures. Figure 2 and figure 8 pbpped and nen
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popped amaranth seeds respectively. The goal wdstewminewhetherthe popping process

preserved or altered the seeds' nutritional quality.

Figure 2: Popped Figure3:Non-popped
Protein Content analysis

The protein content of popped was obtained as 2.37% anplopped amaranth seeds was 2.36%.

Table 4, suggest that the popping process retains protein integrity without significant degradation.

Table 4.Results for Protein Analysis

Sample Identification % Protein of the Popped % Protein of non-popped
(wiw) (wiw)

A 2.3618 2.3989

B 2.3563 2.3323

C 2.3857 2.3534

Average = (2.3618+2.3563+2.3857) +3 = (2.3989+2.3323+2.3544) +3
=2.3679 =2.3619

Fat Content retention

Fat content in popped amaranth (5.79% wi/w) slightly increased comparedpomosed (5.70%
w/w), likely due to moisture loss concentrating lipids, confirming minimal fat degradation during
popping. The results were highlighted inbla5 and 6.

Table 5.Results for Fat content of NadPopped Amaranth Seeds

Non-Popped Wt. of the empty Wt. of the flask  Wt. of the oil % Qil

Sample ID round Bottomed + oil (g)
Flask (g)

A 118.5114 118.7933 0.2819 5.6380

B 111.3428 111.6331 0.2903 5.8060

C 116.1984 116.4814 0.2830 5.6600
Average fat content for the popped =5.7010%

w/w
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Table 6.Results for Fat content of NedPopped Amaranth Seeds

Popped Wit. of the empty Wt. of the flask ~ Wt. of the oil % Oil

Sample round Bottomed + oil (g)

ID Flask (g)
A 118.5114 118.7983 0.2869 5.7380
B 111.3428 111.6381 0.2953 5.9060
C 116.1984 116.4854 0.2870 5.7400
Average fat content for the nonpopped =5.7947%

w/w

Fiber Content Analysis

The results confirmed that popped amaranth had a fiber content (15.28% w/w) gmopped
with (15.03% w/w), confirming minimal degradation during processing and the calculated data

was presented in Table 7 and 8.

Table 7.Fat content for nopopped Amanath Seeds

Sample ID Beaker wt. Beaker + Sample Beaker + Beaker + Fiber %

for the non- (9) sample  wt. (g) Residue Ash(g) content Fiber
popped wt. (9) (9) (9) Content
A 49.3400 49.5579 0.2179 49.4079 49.3772 0.0307 14.089
B 48. 7741 48.9780 0.2039 48.8129 48.7929 0.0311 15.2526
C 49.4005 49.6029 0.2024  49.4188 49.4939 0.0319 15.7609
Average Fibre content for the nonpopped =15.0342% w/w

Table 8.Fat content for nggopped Amaranth Seeds

Sample ID Beaker wt. Beaker + Sample Beaker + Beaker + Fibre %fiber
for the (9) sample  wt. (@) Residue Ash(g) content Content
popped wt. (9) ) )

A 49.3400 49.5581 0.2181  49.4079 49.3761 0.0318 14.5804
B 48. 7741 48.9801 0.2060  48.8129 48.7814 0.0315 15.2913
C 49.4005 49.6015 0.2010  49.4188 49.3867 0.0321 15.9701
Average Fiber content for the popped =15.2806% w/w
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5. Conclusion

The optimization of a locally fabricated amaranth popping machine using the Taguchi method
successfully addressed key challenges in seed wastage and nutritional retention. By systematically
evaluating spindle speed and temperature, the study iderd#fi8@ and 800 rpnas optimal
parameters in achieving higjuality seed popping while reducing seed wastad&%.

Nutritional analysis confirmed that popping retained critical nutrients, with protein (2.37%), fat
(5.79%), and fibre (15.28%) levels compaealb nonpopped seeds. The mac
utilizing locally sourced stainless steel and mild steel, ensured affordability, durability, and ease

of maintenance, aligning with Kenyads Vision
security. Tlese findings underscore the viability of Taguoptimized, locally engineered
solutions in enhancing aggrocessing efficiency, reducing pdsrvest losses, and supporting

sustainable industrialization in resowaanstrained regions.
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Abstract

Drainage infrastructure along roads in arid and sandi regions is increasingly vulnerable to
erosion and sedimentation, which compromise structural integrity and disrupt transport
connectivity. This study presents a Giffegrated framework that combsé¢he Stream Power
Index (SPI) and the Revised Universal Soil Loss Equation (RUSLE) to model erosion risk during
the hydrological analysis stage of road design. The framework incorporates aCkteltia
DecisionMaking Analysis (MCDMA) to evaluate the merability of drainage crossings based

on gully erosion potential, catchment soil loss, and sediment yield. Applied to the A14 highway
corridor between Wajir and Moyale, the analysis identified critical segments and drainage
crossings at high risk of washits and blockage by sediment. The results offer adtatan,
spatially explicit decisiorsupport tool for prioritizing erosion control measures, enhancing
drainage design, and informing lotgym maintenance planning in datearce, climatsensitive

ervironments.

Keywords: - erosion, sediment yield, road infrastructure, SPI, RUSLE, rart#ria decision

making

1. Introduction
Drainage structures are vital components of transport infrastructure such as roads and railways
enabling the safe conveyance of natural flow in streams, rivers, and rainfall runoff across
alignments. Soil erosion and sedimentation present significanteobe8 to the integrity and
functionality of these structures, especially in arid and seidiregions like Northern Kenya,
where these structures often face intense erosion due to minimal vegetative cover, and erodible
soil types (COWI, 2018). This sigmehntly undermines the operational lifespan of drainage
structures on roads. Road washouts in recent memory have caused several road closures including
the Nairobii Garissa Road which was impassable for a short period in April 2024 due to damaged
sectiondrom floods (KBC Digital, 2024).
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While the latest road design manuals in Kenya and common practise have identified erosion as a
major climatic threat to road infrastructure (Ministry of Roads and Transport, 2025), there is very
limited local guidance orhe vulnerability analysis of road alignments and drainage crossings to
washouts and sediment deposition. Moreover, government investment in opening Northern Kenya
through road development necessitates a proactive approach to the integration of erosion risk

assessments to avoid costly poghstruction mitigation.

This study presents a practical erosion modelling framework that integrates the Stream Power
Index (SPI) and the Revised Universal Soil Loss Equation (RUSLE) in a GIS workflow to support
erosion asessment during the hydrological analysis phase of road design, prior to the sizing and
detailed design of drainage structures. The SPI was also used independently to assess the
vulnerability of the road alignment to washouts by identifying fegkrgy flav paths and gully

prone zones intersecting or running on the carriageway. In parallel, the outputs from SPI and
RUSLE were integrated through a MuBriteria DecisioAMaking Analysis (MCDMA) to
systematically rank the vulnerability of drainage crossinggetiimentation and hydraulic failure.

The methodology was applied to the A14 highway corridor between Wajir and Moyale, offering
spatially explicit insights for engineers to guide erosion mitigation, drainage design, and

maintenance planning.

2. Study Area
This study was conducted along the A14 highway corridor, focusing on the section between Wajir
and Moyale in northern Kenya. This segment of the road spans approximately 240 kilometres with
a Gravel surface and it traverses Arid and SAnd Lands (ASALs)characterized by low and
erratic rainfall, high evapotranspiration rates, sparse vegetation, and fragile soils, factors that
collectively contribute to high susceptibility to erosion. The terrain in the area varies with
elevations of approximately 200 mtie Wajir lowlands to over 1,800 m in the Moyale highlands.

The road alignment generally follows a downslope gradient from Moyale to Wajir, cutting across
ephemeral streams (laggas) that dominate the hydrological regime in this part of Kenya. The road
often runs parallel or skewed to the direction of flow of these laggas, creating multiple interaction
points with natural drainage paths. This increases the vulnerability of the alignment to flooding,
sediment deposition, and washouts. Hydrologically, the stu ar ea f al |l s wi t hi n
North Drainage Basin, specifically within sehtchments SEA and 5EB. These ®albchments

form part of a larger transboundary river system that originates in the Ethiopian Highlands and
drains toward the Jubba floodpts in southern Somalia (Figure 1).
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Figure 1: Wajiri Moyale Al4 highway layout

Land cover in the area is dominated by shrubland, sparse grassland, and bare soils (Figure 2).
Overgrazing and land degradation are common, further reducing ground covemplifging

erosion risks.

Esri Eastern Africa, Esri, TomTom, Garmin, FAO, NOAA, USGS

P e
Paly Resere

Figure 2: Land Cover of the study area (European Space Agency)
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The area is also largely characterised by Sandy Clay Loam soils which have a moderately high

runoff potential (Niels & Gicheru, 2004). This soil texture is partidyl susceptible to erosion

due to poor structure (Zhao, Wen, Wang, & Gao, 2013)

Rainfall typically peaks in AprilMay and Octobé&MNovember, with annual totals ranging from
360 mm to 610 mm (GIBB, 2016). These climatic and biophysical conditions crea&deahn

setting to evaluate erosion risk and sediment movement in relation to road drainage infrastructure.

3. Erosion and Sediment Estimation
Soil erosion by water action is the main contributor to siltation and blockage of drainage structures
during rainfallevents. This is often due to concentrated runoff, steep hydraulic gradients, and
absence of protective vegetation (Morgan, 2005). Drainage infrastructure on the A14 road includes
culverts and drifts and according to (GIBB, 2016), 50% of the pipe culvetteooad were silted,
at the time of their investigations with a majority experiencing half to full siltation. The erosion

impacts on sections of the road can be quite severe as shown in Table 1.

Table 1: Erosion impacts on the A14 road

‘gz

o

A

B e
il

o

-

Eroded Al4 road section, before Moyale (GIBB, 2016) | Washed out A14 road section (GIBB, 2016)

Washout around culverts n the A14 Siltation at box culvert entrance on the Al14
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According to a study b§Muste & Xu, 2017)three (3) major erosion typase critical in sediment

production to drainage structures on roads. These are:

1 Sheet and Rill Erosion characterised by the uniform detachment and removal of soil, or
sediment particles, from the soil surface by overland flow or raindrop impact evenly
distributed across a slope (Hairsine & Rose, 1992)

1 Gully erosion characterised by the formation of gulleys when runoff from adjacent slopes
forms concentrated flows in drainage ways.

1 Streambank erosion characterized by widening and deepening of the streaelsha

To model these processes, the Stream Power Index (SPI) was used to identifgitseaiflow
concentration zones with high erosive energy, while the Revised Universal Soil Loss Equation
(RUSLE) estimated average annual soil loss from hillsloples.Sediment Delivery Ratio (SDR)

was then applied to convert gross erosion into sediment yield likely to reach drainage structures.
All components were integrated within a GIS workflow for spatial analysis and visualization.

3.1.Stream Power Index (SPI)
The Stream Power Index (SPI) is a widely used terlsined metric that quantifies the erosive
potential of overland and concentrated flow. It is derived from digital elevation models (DEMS)
and integrates contributing area and slope gradient to estimatettigd energy of surface
runoff to cause erosion. Originally proposed Mgore, Grayson, and Ladson (1998PI is

expressed as:
YO 00 0 & O
Where:

1 As represents the upslope contributing area

T tan(b) is the |l ocal slope in radians

In hydrologic modelling, high SPI values are typically associated with steep slopes and large
upslope contributing areas, conditions that are favourable for gully erosion, channel incision, and
culvert washouts. Conversely, low SPI zones indicate diffogeiith lower erosive energy. For
enhanced visual interpretation, SPI values are oftettréogsformed, particularly in areas with

high topographic variatio@Wilson & Gallant, 200Q)

3.2.Revised Universal Soil Loss Equation (RUSLE)
The Revised Universal Sdioss Equation (RUSLE) is a procesased empirical model developed
by the USDA Agricultural Research Service to predict {rgn average annual soil loss resulting
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from rill erosion caused by rainfall and surface runoff. It is an enhancement of timalod§LE

model, incorporating improved equations for slope, cover, and management pidtists &
Xu, 2017) The RUSLE equation is formulated as:

o YtO t0 YO tO
Where:

1 A is the predicted average annual soil loss per unit area, expresdsedes per hectare
per year. (t/halyr)

1 Rs the rainfalirunoff erosivity factor, indicating the combined effect of rainfall intensity
and potential surface runoff in driving soil erosion. (MJ mrtihel yr-1)

1 K is the soil erodibility factor, reflectingow easily soil particles can be detached and
transported by rainfall and surface water.

1 LS is the slope length and steepness factor, capturing the influence of terrain gradient and
slope extent on erosion risk. (dimensionless).

1 C s the cover management factor, which adjusts soil loss estimates based on the type and
density of vegetation or land cover relative to bare soil. (dimensionless).

1 P is the support practice factor, accounting for erosion control measures such as contour
farming, terracing, or strip cropping that reduce runoff velocity and soil displacement.
(dimensionless).
3.3.Sediment Yield

While the Revised Universal Soil Loss Equation (RUSLE) estimates gross annual soil loss from
hillslopes, not all eroded material reaclieginage structures. A portion is redeposited along the
landscape before exiting the catchm@halling, 1983)To account for this, a Sediment Delivery
Ratio (SDR) is applied to estimate the Sediment Yield (SY), the actual volume of eroded solil that

is transported to a specific point. The Sediment Yield is calculated as:
YQQQUXXRDBYD® 0t°YO'Y
Where:

1 Ais the gross soil loss from RUSLE (t/ha/yr)
1 SDR is the sediment delivery ratio (unitless, typically between 0.05 and 0.6)
1 SY is the sedim& yield delivered to the drainage outlet (t/ha/yr)

The SDR varies with slope, drainage density, flow length, vegetative cover, and soil texture.

Steeper slopes and shorter flow paths typically result in higher SDRs due to reduced opportunities
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for deposiion, dense vegetation reduces sediment delivery by trapping sedfeaemnt & Mario,
1995) In this study, an areaased model adopted frofAO (n.d.)was used. It relates the SDR

inversely to catchment area and is computed as:
YOY @ o 8
WhereA is the area (ki)

Sediment yield was then converted to volumetric estimates using soil bulk density data to assess

clogging risks, flow restrictions and mainéte burden at drainage points.

4. Multi -Criteria Decision-Making for Erosion and Drainage Risk Assessment
Given the complex interplay between topography, soil erosion, hydrologic processes, and
infrastructure performance, MulGriteria DecisioAMaking Analysis (MCDMA) offers a robust
framework for evaluating erosienelated risks in linear imdstructure systems. Unlike single
variable assessments, MCDMA allows for the integration of multiple geospatial and hydrological
indicators, providing a more comprehensive basis for deemuking(Malczewski, 2006)While
RUSLE quantifies potential sedent production based on catchment characteristics, and SPI
highlights areas prone to concentrated flows and gully er¢sloare, Grayson, & Ladson, 1991;
Wilson & Gallant, 2000)each metric alone captures only part of the erosion risk landscape.
Sedimen yield, in turn, reflects the actual delivery of eroded material to drainage structures,
influencing clogging and maintenance requirem@talling, 1983; Ferro et al., 1995)herefore,
an integration of these three dimensions offers a more accurase@muable understanding of

risk, particularly for drainage infrastructure along vulnerable corridors.

Recent applications of this integrated approach have demonstrated its effectiveness in road
vulnerability mappindMuste & Xu, 2017) These studies commiy utilize weighted frameworks
that reflect the influence of each metric on erosion dynamics, although specific scoring systems

vary depending on context.

In this study, the MCDMA framework served as the analytical backbone for evaluating erosion
and sednentation risks at major drainage crossings with asgieeific, spatially explicit impact
index that enabled prioritization of mitigation interventions across the A14 road corridor.
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5. Methodology
GIS-based mapping was used to generate spatial rasteexctoparameter using globally available
datasets for the SPI and RUSLE computation (Table 2)

Table 2: Summary of Datasets used

Dataset Function Source
SOTWIS Soil Soil texture assessment; Estimation of soil | International Soil
Dataset bulk density Reference and Information
Centre (ISRICY World
Soil Information

TanDEM1T X Generation of slope; flow accumulation and| German Aerospace Cente
30m Res DEM | drainage area in SPI computation; catchme| (DLR)

flow path and drainage crossing delineation

Estimation of RUSLE Slope Lengtnd

Steepness Factor
ESA Land cover assessment; estimation of RUS| European Space Agency
WorldCover Cover and Management Factors; Estimation (ESA)
2021 LULC Support Practice factors
ESDAC Global | Estimation of RUSLE rainfall erosivity factor] European Soil Data Centrg
R -Factor (ESDAC)
ESDAC Estimation of RUSLE soil erodibility factor | European Soil Data Centrg
(GloSEM) (ESDAC)
Global Ki
Factor
(Wischmeier)

5.1.Catchment Delineation and Flow Path Extraction

The DEM was used to delineate catchments and flow paths in ArcGIS using the standard
hydrological tools: Fill, Flow Direction, Flow Accumulation, and Watershed. Major drainage
crossings were digitized, and their contributing catchment areas delineaie@ (Fig
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1830.04

4.76298
Drainage Crossings'
Sub-basins

Drainage Crossings

Esri Eastern Africa, Esri, TomTom, Garmin, FAO, NOAA, USGS

Figure 3: Catchment areas draining to the A14 road corridor

5.2.SPI Raster Generation
Flow accumulation raster, generated from the DEM was converted to a Drainage Area raster by
multiplying by the cell size and then multiplied by a raster ofstbpe tangent to obtain the SPI
(Figure 4).

108



African Journal of EngineeringéRearch and Innovation. VolumeNo. 4, Decembef025

low Accumulation

alue
3.02419e+07

0

lope(B) Radians

alue
1.18152

an (B)
alue
2.43775

0 0.001

SPI=As . Tan (B)

Figure 4: SPI inputs for the A14 road catchments

The Stream Power Index (SPI) values obtained were classified on severity levels based on the
resulting ranges in natural logarithm (<0 to >10). Since no ural&RBI classification exists, the
thresholds were adapted from related literature (Table 3), drawing on general principles from

erosion and topographic index studies.
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Table 3: Literature informing A14 SPI classification scheme

Reference Description

Moore et al. | The authors suggested that SPI values vary widely based on terrain, with

(1991) values in steep, higthow areas and proposed qualitative groupings (e.g.,
to high erosion potential) without fixed thresholds, supporting the useasf
driven or contexspecific classes like quantiles or ranges.

Wilson, J. P.,| The authors recommended classifying terrain indices based on sta

& Gallant, J. | distributions (e.g., quantiles) or physical thresholds tied to erosion prec

C. (2000) They noted SPI values increase logarithmically with flow concentratior
slope.

Mitasova et | The authors suggested classifying SPI into risk categories based on terr,

al. (1996) flow characteristics, with higher SPI indicating channelized erosion.

The classification scheme for the SPI values used is shown in Table 4.
Table 4: Adopted Severi@lassification for SPI

SPI Range Erosion Severity Risk
Classification

-6t00 Low

Oto5 Moderate

5to 10 High

>10 Severe

5.3.RUSLE Computation

5.3.1. Rainfall- Runoff Erosivity Factor (R)
The erosivity factor is the most sensitive parameter in RUSLE computation, influencing
approximately 80% of the total soil lof&/atene, et al., 2021lt is typically computed based on
the kinetic energy of rainfall drops and the maximuran8Qute rainfall intensityjn the EI30
method(Wischmeier & Smith, 1978)The method defines R as the sum of the product of total

rainfall

storm energy (E) and the maximumi®0 nut e intensity (I

in a year in the equation:

Y 0805

Where:

1 R s the annual rainfall erosivity factor (MJ mm-hdr-1 yr-1)

1 Ek is the total kinetic energy of a rainfall event k (MJ/ha)

1 130, k is the maximum 3@ninute rainfall intensity for an event k (mm/hr)
1

n is the number of erosive rainfall events in arye
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This study adopted the global erosivity dataset by the European Soil Data Center (ESDAC),
clipped to the study area (Figure 5), due to limited long term granular rainfall data in the area.

=  Drainage Crossings
Drainage Crossings' Sub-basins
Al4 Road

Factor - ESDAC (MJ mm ha-t ha—! yr-1 )

alue
3690.59

1333.3

>

Figure 5: RUSLE R Factor raster for the A14 road study area

The erosivity ranged in the study area ranged from MB&m ha h' yr!to 3690.6MJ mm ha

1 hlyrlwith a mean erosivity of 18038J mm ha bt yr.

The soil erodibility factor in this study (Figure 6) was derived fle® DA C 6 s
estimated by th&Vischmeier & Smith (1978nethod. The method is based on on the soil texture,
organic matter content and permeability represented by the equation.

™opxed pm 0 ° PC O O0BRU @ ¢ o
pTT
Where:
T K is the Soil erodibility factor (t ha
1 Miis the product of the percentage of silt and very fine sand and the percentage of sand.
9 ais the percentage of organic matter content.
1 bis the solil structure code (assigned values from 1 to 4).
1 cis the soil permeability code (assigned values from 1 to 6).

5.3.2. Soil Erodibility Factor (K)

gl obal
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The ESDAC dataset was developed as part of the Global Soil Erosion Modelling (GIoSEM) project

using soil data from International Soil Reference and Information Centre (I18RdGagos P. , et
al., 2014)

« Drainage Crossings
Drainage Crossings' Sub-basins
= A14 Road
Factor (Wischmeier) - ESDAC (t ha h ha-1 MJ-1 mm~1)|

0.0131507

Figure 6: RUSLE K Factor raster for the A14 road study area
The soil erodibility values in the area ranged from®.01h a h h a tol0.03MJ ha mmha.
MJ T witmanieanof0.02 ha h ha T MJ T mm I

5.3.3. Slope Length and Steepnedsactor (LS)
The LS factor, representing the combined effect of slope length (L) and slope steepness (S) on soil
erosion, was computed based on lheore and Burch (1986fprmulation represented by the
following equation.
"Od £6000 @ 6 & @&t & QWD ctz i "ReQe-
C®o T8t Y w @

0"y

Where:

1 —is the slope in radians.

1 mis an index reflecting how erosion increases with slope length.

1 nis anindex controlling how sensitive the LS factor is to slope steepness (typically 1.3)
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The m index (Figure 7) was computed based on the slope using a classification scheme informed

by Renard et al. (19979ndMcCool et al. (1987yhich varies the m index with the percentage
slope (Table 5).

Table 5:LS factor mindex slopebasectlassification

07 1% 0.2
17 3% 0.3
31 5% 0.4
51 10% 0.45
107 20% 0.5
207 30% 0.55
>30% 0.6

Figure 7: mindex raster for the A14 road study area

The LS factor raster computed is shown in Figure 8.
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alue
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Figure 8: RUSLHELS Factor raster for the A14 road study area

The LS factor ranged from 0 to 75 with a mean of 0.3 across much of the study area

5.3.4. Cover and Management factor (C)
A cover and management factor raster for the area (Figure 9) was estimated based on the study

arabs | and cover (Figure 2) wusing mean values

Table 6: C Factor classification scheme based on the ESA World Cover dataset

ESA LULC Class Typical C- | Reference

Code Factor

10 Tree Cover 0.0010.05 | Renard et al. (1997); Panagos et al. (201
Wischmeier & Smith (1978)

20 Shrubland 0.05'0.05 | Ganasri & Ramesh (2016); Panagos et al. (2015)

30 Grassland 0.05'0.15 | Wischmeier & Smith (1978); Renard et al. (199
Ganasri & Ramesh (2016)

40 Cropland 0.170.4 Wischmeier & Smith (1978); Renard et al. (1997)

50 Built-up Area 0.050.2 Panagos et al. (2015); Ganasri & Ramesh (2016)

60 Bare / Spars¢ 0.4i0.6 Renard et al. (1997); Panagos et al. (2015); Gana

Vegetation Ramesh (2016)
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egend
® Drainage Crossings

Drainage Crossings'
Sub-basins

A14 Road

Figure 9: RUSLE C Factaaster for the A14 road study area
The C Factor values ranged from 0 to 0.5 with a mean of 0.04 across the catchments.

5.3.5. Support Practice Factor (P)
The study area dominated by pastoralism, rangelands, and some cropland, has limited to no formal
conservation practices. Natural features such as vegetation patches, soil crusts were assumed to
mimic support practices as shrubs and grass intercept falingrops limiting erosion in the
immediate areaf_udwig et al., 2006) The factor (Figure 10) was
land cover (ESA dataset in Figure 2) using the classification scheme in Table 7 with the P values
estimated for the land covelasses based on studiesRgnard et al. (1997); Panagos et al. (2015);
Wischmeier & Smith (1978) and Morgan, R. (2005)

Table 7: P Factor classification scheme based on the ESA World Cover dataset

LULC Class | Estimated | Description
P Value

10 Tree Cover | 0.6 Dense canopy intercepts rainfall reduces run
Scattered woodlands in Moyale provide mode

protection.
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20 Shrubland 0.8 Shrubs (common in Moyale) reduce splash erosion

runoff, but sparse cover limits effectiveness.

30 Grassland 0.9 Pastoral rangelands dominate Moyale; grass red

runoff slightly, but grazing may degrade cover.

40 Cropland 0.7 Smalktscale farming (e.g., sorghum) may use ridging

contouring, reducing erosion compared to bare soil.

50 Built-up Area | 1.0 Impervious surfaces increase runoff; minimal in Moy¢

assume no erosion control.

60 Bare / Sparsq 1.0 Exposed soil or rocky areas (common in degra

Vegetation Moyale zones) offer no erosion protection.

-

»

« Drainage Crossings
|:| Drainage Crossings' Sub-basins
Al4 Road

P Factor

Value

~H

Figure 10: RUSLE P Factor raster for the Atbdd study area
The mean P factor in the study area was 0.8 across the catchments, indicating slight impact of the

vegetation cover on erosion.

5.3.6. Catchment Erosion Classification
To better interpret the severity of erosion risks, the RU8&&ved annual soil loss rates were
classified into six severity categories (Table 8). This scheme was adaptedlvatene et al.
(2021) The classification provided a nuanced scale that aligels with observed erosion

processes and their implications for road infrastructure:
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Table 8: RUSLE Erosion severity classification

RUSLE erosion (t/halyr) Erosion Severity Class
075 Slight

5-10 Moderate

10- 20 High

20-40 Very High

>40 Severe

This framework allowed for prioritization of catchments for erosion control interventions, with
"Very High" to "Very Severe" zones requiring urgent and possibly structural erosion mitigation

measures especiallyhere SPI or SDR values confirm high erostwergy or delivery potential.

5.3.7. Sediment Yield
The estimated catchmewise annual erosion was multiplied by the SDR computed for the
catchments to approximate the sediment reaching each identified drainage crossing. The sediment
yield in tonnesvas converted to mass in kilograms and used to estimate sediment volume at major
drainage crossings based on bulk density from the SOTWIS dataset. The following equation was

used:

"YQ'Q QAKEEAO0@E ) "QED Q@R {aTROQ 0 Oi 0 "WHiTO 6 a QO QWO w

The impact of estimated annual sediment volumes on the performance of drainage structures was
assessed using a classification scheme (Table 9) derived from hydrological engineering literature
and internatioal drainage design guidelines. This classification reflects the operational

consequences of sediment deposition in culverts, relief drains, and channels, particularly under

conditions typical of arid and serarid environments such as northern Kenya.

Table9: Sediment Volume impact classification

Sediment Volume| Impact Description Reference
(m3/year) Level
<1,000 Low Small sediment volumes cause minimal USDA Forest

deposition, maintaining culvert flow capacity Service (1997)
Low risk of blockages, structural damage, g
environmental impact. Routine maintenancq

sufficient.
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Sediment Volume| Impact Description Reference
(m3/year) Level
1,000 5,000 Moderate| Moderate sediment volumes may cause pa| Ontario

blockages, reduce flow capacity and increa| Ministry of
upstream ponding or downstream erosion. | Natural

Regular monitoringind maintenance (e.g., | Resources

sediment traps) are needed. (2019); Xu et
al. (2019)
5,000 15,000 High High sediment volumes significantly reduce USDA Forest

flow capacity, increasing risks of flooding, | Service (1997)
scour, and crossing failurRequires larger
culverts, sediment traps, and frequent

maintenance.

>15,000 Severe | Very high sediment volumes lead to compld Food and
blockages, flooding, and potential culvert | Agriculture
washout. Severe environmental impacts (e, Organization
habitat losshecessitate oversized culverts g (n.d.);
bridges and major redesign. Melbourne
Water (2021)

This framework was developed to bridge modelled sediment yields with design and maintenance

implications.

5.4.Multi -Criteria DecisionMaking Framework
To objectively prioritize drainage crossings and potential hydrodynamic impact along the Al4
corridor, a MultiCriteria DecisioAMaking Analysis (MCDMA) framework was developed to
integrate key erosion and hydraulic indicatorsrfrihe SPI, estimated soil loss from RUSLE, and
sediment yield to drainage crossing. This was also done to inform mitigation planning tailored to

the impact levels.

The approach reflects a systeb@sed evaluation of sedimeneiated vulnerabilities, consent

with best practices in hydrological risk managem@fdlczewski, 2006)Assumptions made in

the process were that SPI and RUSLE outputs are correlated but distinct contributors to impacts at
drainage crossings and that ssigecific parameters such ésinage structure size, slope, or land

use are adjustable.
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A weighting system was created with each metric assigned a weight reflecting its relative influence

on hydrodynamic performance. The weights were informed by literature shown in Table 10 below

Table 10: A14 MCDMA Weight classification

Metric Weight | Description

SPI 0.4 Stream power directly affects hydraulic energy and erosion at drain
points.(Moore et al. (1991); FHWA (2006))

RUSLE | 0.3 Catchment erosion represents sediment production in the catchmer

Soil Loss influences longerm sediment supply but is less immediate than SPI

affecting crossing dynamic8/ischmeier & Smith (1978); Renard et &

(1997))
Sedimen| 0.3 Directly quantifiesdeposition risk and blockage at crossings, critical 1
t Yield assessing blockage and flow impaétd.Mamari et al. (2022); Igbal &

Bin Riaz, (2024))

The weights were normalized to sum to 1.0 to ensure a balanced composite score. Each input

variable was disetized based on the severity classes used in their computations (Table 11).

Table 11: Summary Severity Classes for SPI, RUSLE and Sediment Yield impacts on drainage crossings

Severity Class Description

1 Low/Slight

2 Moderate

3 High

4 Very High (RUSLEonly)
5 Severe

A composite impact score was calculated using a weighted average:
6&anéivys Qa
M YOTODE T O® YYVYOYDE T O® YQQQAXKRDEE | Q

The resulting composite scores were classified imgdrodynamic impact levels based on

thresholds shown in Table 12 below:
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Table 12: Hydrodynamic impact level classification and possible mitigation measures

Composite | Hydrodynami | Expected Impacts Possible Mitigation Measures

Score ¢ Impact

Range Level

1.6/2.0 Low Minimal restriction or Routine inspection and debris
sedimentation; low risk of | removal
failure

2.113.0 Moderate Partial flow restriction, Regular maintenance, sediment
minor scour, and local traps / check dams
sediment buildup

3.114.0 High Substantial sediment Energy dissipators, sediment
accumulation; possible traps, upsized drainage structure
blockage and flooding and frequent monitoring

4.115.0 Severe Blockage or overtopping | Energy dissipators, upsized
likely; risk of culvert drainage structures, robust
washout and severe sediment control, upstream
downstream impact erosion control, frequent

monitoring
6. Results

6.1.SPI Output
The resulting SPI raster obtained is shown in Figure 11 below.
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High Lo Moderate Severe

Figure 12: Gully Erosion Risk Severity profile of major drainage crossings on the Al14 road

Very High SPI values coincided with steep terrain and converging major flow paths. These areas
showed visible signs of head cutting ardsion.

6.1.1. Road Washout Risk Zones
Several segments (Table 13) on the road alignment were identified as exposed to elevated erosion
and washout risks based on the SPI analysis. Notably, the stretches between Km 230+000 to Km
240+000 and Km 220+000 to Km 22830 were intersected by concentrated flow paths classified
as having high to very high erosion potential. In the absence of realignment, constructing a new
embankment along the existing corridor would make the newly constructed sections significantly
vulnerable. Moreover, drainage infrastructure in these zones would be likely to experience rapid

sediment deposition, diminishing hydraulic capacity.

The segment from Km 210+000 to Km 220+000 was characterized by numerous perpendicular
high-risk flow paths, assciated with relatively short flow lengths and limited catchment areas.
While the topography may not necessitate major drainage crossings, the reliance on small relief
culverts in these areas could be problematic and without appropriate mitigation, sugts cu
would be prone to clogging. To maintain embankment durability, shoulder slope protection or

structural reinforcement would be essential in these areas.

Additionally, the section between Km 105+000 and Km 145+000 had widespread flow
concentration dectly along the alignment, including multiple higkk erosion pathways that are
sharply skewed. These areas would require targeted erosion control andiranosge

interventions.
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Table 13: Washout risk road sections on the A14 road

SPI Risk ZonesOverview Satellite Image Overview

Legend
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6.2.RUSLE Output
The individual raster for RUSLE parameters were multiplied in GIS to obtain the potential annual

erosion rates shown in Figure 13.
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Figure 13: RUSLE Erosion raster for the Al14 road study area

Estimated annual soil loss rates across the study area showed marked spatial variability, ranging from |
than 5 t/hafr in areas with stable vegetation cover and gentle slopes, to more than 150 t/ha/yr in zon
characterized by steep gradients and degraded land cover. The mean erosion rate was calculated at 9.78 t/

indicating an overall moderate erosion potenttabas the entire area.

The Sediment Delivery Ratios (SDRs) varied between 0.2 and 0.5, suggesting moderate sediment connect
between the hillslopes and downstream drainage points. These values reflected the influence of landsc
features such as slopength, vegetation cover, and flow concentration, which facilitate partial transport of
eroded materials to roadside structures. As such, sediment deposition at culverts and drainage channe
expected to be significant in several catchments, potenireieasing maintenance frequency or requiring

structural intervention.

Analysis of the RUSLE outputs using the adopted classification scheme revealed a clear skew toward lo\
erosion severity across most catchments (Figure 14). Out of the total evabaatbments, 67 were
categorized as "Slight", indicating soil loss rates below 5 t/ha/yr and minimal concern for structure
sedimentation. However, 4 catchments fell within the "High" erosion profilie2@@ha/yr), and 10 were
identified as "Very High'(20i 40 t/halyr).
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Slight Micderate High Wery High Sewere

Figure 14: Catchment Erosion Risk profile for major drainage crossings on the A14 road

More critically, 4 catchments exhibited "Severe" erosiori 8dd/ha/yr), and 2 were classified as "Moderate",
whil e none exc e e dtardshotd {>80 t/halye. rThese eas eapresent priority zones for
erosion control, where both structural (e.g., sediment traps, inlet protection) arsdruwtaral (e.g.,

vegetation buffers, land use management) interventions may be required.

Sediment Vumes to the drainage crossings ranged from less th&tyt tm 815,092 r8/yr, with an average
normalizedsediment volume per catchment of 166/ywWkm2. The expected impact of sediment volumes
delivered to the drainaged carto s8s ipnogi sntwa s fiHd egnhtoi f

16 crossings and ALowo at a majority 55 drainag

l______

Lo MModerate High Severe

Figure 15: Drainage Impact profile due to sediment volumes for major drainage crossings on the Al4 road

This statistical distributiomnderscores that while most of the alignment lies within areas of low to slight
erosion hazard, targeted erosion control is crucial in specific hotspots to preserve drainage function and r

durability when the road is eventually constructed to a tapaaement.

6.3. MCDMA Output
Fourteen (14) critical drainage crossings with
composite scores from the MCDMA framework. Table 14 below, shows the critical drainage crossings bas
on the combined classifiegffects of catchment erosion potential from RUSLE, sediment volumes and the

erosive potential from SPI.
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Table 14: Summary of identified critical drainage crossings on the A14 road

Crossing | RUSLE SY SPI Composite | Overall Hydrodynamic

ID Score Score | Score | Score Impacts
1 5 3 3 3.6 | High
2 5 5 3 4.2 | Severe
4 3 5 5 4.4 | Severe
10 4 3 3 3.3 | High
11 5 3 2 3.2 | High
12 4 3 3 3.3| High
18 4 3 3 3.3 | High
21 4 5 3 3.9| High
23 5 3 3 3.6 | High
31 4 5 5 4.7 | Severe
37 2 5 5 4.1 | Severe
61 1 5 5 3.8 | High
62 1 5 5 3.8 | High
74 1 5 5 3.8 | High

The impacts were compared to satellite imagery and ground pictures (based on Google Open Street Map)!

very good correlation to the existing conditions on the road as shown in Table 15.

Table 15Visualization of sampled critical drainage crossings on the Al14 road

ID | Satellite Image Overview Open Street Map Picture
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Satellite Image Overview

Open Street Map Picture

11
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