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Abstract: The rapid global transition toward sustainable transportation requires the mass deployment of Solar-Powered
Electric Vehicle Charging Infrastructure (SPEVCI). However, the integration of localized photovoltaic arrays, high-capacity
battery storage, and high-voltage charging terminals transforms these installations into highly complex socio-technical
systems. Traditional, deterministic project management methodologies—such as the Critical Path Method (CPM)—rely on
static planning and consistently fail to manage the dynamic supply chain volatility, weather delays, and cross-disciplinary
dependencies inherent to SPEVCI deployment. This paper proposes a novel, hybridized methodology: the Dynamic Lifecycle
and AI-BIM Integration (DLAI) framework. By synthesizing Predictive Agile-Al (PA-Al), Al-Enhanced Systems
Engineering (AESE), and Digital Twin spatial computing, the DLAI framework operates as a continuous, intelligent data
ecosystem. It orchestrates spatial simulation, predictive execution routing, and agile telemetry through an loT-enabled
centralized feedback loop. To quantify its theoretical utility, a simulated 50-station network deployment was conducted,
injecting severe, real-world operational stressors. The comparative analysis demonstrated that the DLAI framework
achieved an 68.9% reduction in schedule slippage and a 62.15% reduction in budget escalation compared to traditional
CPM. The findings confirm that shifting from reactive, siloed planning to proactive, Al-driven operations is an essential
paradigm shift for successfully scaling decentralized renewable energy infrastructure.
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. INTRODUCTION increasing pressure to satisfy stringent corporate
Environmental, Social, and Governance (ESG) mandates,

» Background and Context

Since the commercial introduction of electric vehicles
(EVs), the global automotive landscape has undergone a
profound transformation. This rapid evolution is propelled by
several environmental, technological, and regulatory drivers.
Central to this paradigm shift is an intensified global focus on
environmental  sustainability and carbon neutrality.
Heightened awareness regarding anthropogenic climate
change and localized air pollution has escalated consumer
and commercial demand for zero-emission alternatives to the
internal combustion engine (ICE). Concurrently, commercial
delivery, logistics, and ride-sharing entities are under
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accelerating the transition toward zero-emission commercial
fleets.

Technological advancements in energy storage have
further catalyzed mass adoption. Innovations in battery
chemistry and energy density, specifically high-energy-
density lithium-ion batteries and emerging solid-state
technologies, have substantially extended driving ranges.
This increase in vehicle range directly alleviates consumer
range and charging anxieties, encouraging a higher
proportion of private vehicle owners to transition to electric
mobility. This technological progress is underpinned by
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aggressive policy interventions and regulatory mandates
worldwide. Direct consumer rebates, tax credits, and capital
grants have kickstarted market demand across key global
regions. Furthermore, policy mandates such as strict target
dates for banning new ICE sales and aggressive fleet carbon
emission caps have forced legacy automakers to pivot
production pipelines toward electrified lineups, flooding the
market with EVs and driving the demand for corresponding
charging infrastructure.

However, a key enabler of sustained EV adoption
remains the rapid expansion of EV charging infrastructure.
The widespread deployment of public and private charging
networks, particularly high-speed Direct Current Fast
Chargers (DCFC), has made long-distance travel with EVs a
practical reality. Concurrently, the ability for drivers to
charge overnight at residential or depot facilities ensures they
can begin each day with their vehicles fully charged.
Economies of scale, refined manufacturing techniques and
data-informed grid siting strategies have collectively
positioned the deployment of charging infrastructure as the
central pillar of the modern transportation transition.

» The Transition to Solar-Powered EV Charging
Infrastructure (SPEVCI)

While expanding the charging network is essential,
relying exclusively on conventional, fossil-fuel-dominated
electrical grids creates a sustainability paradox: powering
zero-emission vehicles with carbon-intensive grid electricity
negates their environmental benefits and places severe strain
on localized transmission grids. To resolve this challenge, the
industry is rapidly moving toward Solar-Powered Electric
Vehicle Charging Infrastructure (SPEVCI).

SPEVCI integrates localized solar photovoltaic (PV)
generation, Battery Energy Storage Systems (BESS), and
intelligent EV charging terminals into decentralized
microgrid structures or grid-assisted systems. By harvesting
solar power on-site, SPEVCI reduces operational energy
costs, alleviates dynamic peak-load demands on regional
electrical grids, and guarantees true lifecycle zero-emission
mobility. However, SPEVCI installations represent complex,
multi-disciplinary socio-technical systems. They require the
dynamic synchronization of four distinct engineering
domains:

o Civil Engineering: Site preparation, structural canopy
installation, foundation engineering, and environmental
impact mitigation.

o Electrical Engineering: High-voltage power electronics,
photovoltaic array integration, inverter synchronization,
and BESS safety management.

e Software and Telecommunications: Charge Point
Management Software (CPMS), Internet of Things (1oT)
sensor integration, and real-time smart-charging
communication protocols.

e Utility and  Regulatory  Governance:  Utility
interconnection agreements, dynamic tariff management,
dynamic grid load balancing, and municipal permitting.
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» The Role and Limitations of Traditional Project
Management
Effective project management is the linchpin for the
successful deployment of SPEVCI. Unlike traditional
infrastructure projects, such as building a standard
commercial facility or paving a highway, constructing a
solar-powered EV charging station requires the seamless
orchestration of multiple, highly specialized, and historically
siloed disciplines.

Civil engineering is required for site preparation,
trenching, and structural canopy construction. Electrical
engineering is critical for grid interconnection, high-voltage
wiring, inverter installation, and energy storage integration.
Concurrently, software engineering is necessary to deploy
secure payment gateways, user applications, and smart-grid
communication protocols (such as OCPP - Open Charge
Point Protocol). Furthermore, project managers must
navigate a labyrinth of municipal zoning laws, environmental
regulations, and utility interconnection agreements, all of
which vary significantly across different geographical
jurisdictions (Mosleuzzaman et al., 2024; Razmjoo et al.;
Mali et al., 2022).

Traditional project management methodologies, such as
the linear Waterfall approach or standard Critical Path
Method (CPM), are increasingly proving inadequate for the
dynamic nature of SPEVCI deployment (Adegboyega et al.,
2024). These conventional frameworks rely heavily on static
planning and deterministic risk registers that assume a highly
predictable project environment. In reality, SPEVCI projects
are fraught with volatility: fluctuating global material costs
for solar panels and lithium-ion batteries, unpredictable
supply chain bottlenecks, weather patterns delaying physical
construction, and highly variable municipal permitting
timelines (Rao et al.). When traditional frameworks are
applied to these multifaceted projects, the result is often
severe schedule overruns, budget escalation, and suboptimal
resource allocation. The sheer volume of concurrent, inter-
dependent variables effectively exceeds the cognitive
processing capacity of manual project management tools.

» Problem Statement and the Need for Artificial Intelligence

The core problem this research addresses is the
widening chasm between the inherent complexity of SPEVCI
projects and the restrictive capabilities of conventional
project management frameworks. As the scale of solar EV
infrastructure deployment grows to meet international
decarbonization targets, the reliance on outdated, static
methodologies creates systemic bottlenecks. There is a
critical, unmet need for a dynamic, adaptive project
management paradigm capable of processing vast amounts of
real-time data to optimize decision-making throughout the
project lifecycle.

Artificial Intelligence (Al) and Machine Learning (ML)
offer a transformative solution to this challenge. By
leveraging data-driven algorithms, predictive analytics, and
spatial computing, Al can be integrated into project
management frameworks to automate complex workflows,
predict supply chain disruptions, and dynamically re-route
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project schedules in response to real-time variables. From
utilizing Geospatial Al (GIS-Al) for pinpointing optimal
charging locations based on traffic flow and solar irradiance,
to employing predictive models like Monte Carlo simulations
that dynamically adjust risk matrices, an Al-driven
framework shifts project management from a reactive
discipline to a proactive science.

» Aim and Objectives of this Study

The primary aim of the paper is to propose and critically
evaluate a novel, Al-driven project management
framework—the Dynamic Lifecycle and AlI-BIM Integration
(DLAI) Framework—explicitly tailored to navigate the
complexities, volatility, and lifecycle of solar-powered EV
charging infrastructure (SPEVCI) projects.

e To Achieve this Aim, the Research Outlines the Following
Key Objectives:

v’ To critically review existing literature and methodologies
regarding EV infrastructure planning and identify specific
methodological gaps in  contemporary  project
management practices (e.g., standard CPM and linear
Waterfall approaches).

v’ To systematically evaluate and gquantify the strengths and
weaknesses of three theoretical ~Al-augmented
frameworks: Predictive Agile-Al (PA-AI), Al-Enhanced
Systems Engineering (AESE), and Hybrid Digital Twin &
Al-BIM Integration.

v To synthesize the optimal components of these individual
models into a unified, hybridized methodology (the DLAI
framework) that connects Spatial and Simulation,
Predictive Execution, and Agile Telemetry layers via a
continuous data feedback loop.

v' To quantitatively validate the efficacy of the proposed
DLAI framework against traditional project management
methodologies by executing a simulated case study.

1. LITERATURE REVIEW

» Introduction to the Literature Review

The imperative to transition toward sustainable, zero-
emission transportation has catalyzed significant academic
and industrial interest in Electric Vehicle (EV) infrastructure.
As established in the preceding chapter, effective project
management is the linchpin for the successful deployment of
Solar-Powered EV Charging Infrastructure (SPEVCI).
However, the intricate combination of civil engineering,
high-voltage electrical integration, and software deployment
makes these initiatives highly complex socio-technical
systems. This chapter critically evaluates the current state of
academic literature and industry practice regarding the
evolution of EV charging, the technical parameters of solar
integration, and the emerging role of Artificial Intelligence
(Al) in construction and infrastructure project management.

Specifically, this review focuses on three critical
research domains that bridge the gap between theoretical Al
applications and practical project execution:

o Geospatial Al (GIS-Al) for optimized site selection
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o Predictive resource scheduling for supply chain resilience,
and
e Dynamic risk modeling for real-time project adaptability.

By synthesizing these domains, this chapter establishes
the theoretical foundation for the novel, Al-driven project
management framework proposed in this article.

» The Evolution of EV Charging and Solar Integration

The foundational literature on electric vehicle
infrastructure primarily focused on grid-connected charging
stations. Early studies emphasized the challenges of range
anxiety (Olanrewaju and Adedapo; Rainieri et al., 2023;
Pevec et al., 2019) and the necessity for a widespread,
accessible network of fast-charging terminals (Botsford &
Szczepanek, 2009; Zentani et al., 2024; Gnann et al., 2018).
However, a significant paradigm shift occurred when
researchers began to quantify the actual environmental
impact of grid-connected EVs.

Current environmental studies highlight a critical
bottleneck: if an electric vehicle is charged using electricity
generated from fossil fuels, the carbon footprint is merely
displaced from the vehicle’s tailpipe to a centralized power
plant (Yousuf et al.). This realization has driven the rapid
development and deployment of SPEVCI. By integrating
localized photovoltaic (PV) arrays with EV charging stations
and high-capacity Battery Energy Storage Systems (BESS),
SPEVCI provides a truly decentralized, zero-emission
solution (Olanrewaju & Aderinko, 2026).

e The Literature Identifies Several Core Technical
Components Essential for Successful Solar Integration:

v' Localized PV arrays are deployed to generate renewable
energy at the direct point of consumption.

v’ This localized generation circumvents grid dependency
and significantly reduces the load on aging municipal
power grids.

v’ High-capacity Battery Energy Storage Systems (BESS)
are critical inclusions because they resolve the inherent
intermittent nature of solar energy generation.

v The integration of BESS allows users to charge their
vehicles during nighttime hours or during periods of low
solar irradiance.

Despite the clear environmental and economic
imperatives, scaling this infrastructure globally presents a
formidable logistical and engineering challenge. The
literature consistently points out that deploying these stations
is frequently hampered by systemic inefficiencies in how
these projects are planned, executed, and monitored (Liu et
al.) . The integration of decentralized energy generation with
high-voltage charging capabilities transforms these
installations from simple structural projects into highly
complex socio-technical systems.

» Geospatial Al (GIS-Al) for Site Selection

A major determinant of a SPEVCI project's success is
its geographical placement. Traditional site selection
methodologies in civil engineering have heavily relied on
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Geographic Information Systems (GIS) combined with
Multi-Criteria Decision Making (MCDM) frameworks, such
as the Analytic Hierarchy Process (AHP) (Liu et al). While
useful, these traditional models are largely static and struggle
to process high-velocity, multi-dimensional data (Munier &
Hontoria, 2021; Rajabi Asadabadi et al., 2019).

The contemporary literature marks a transition toward
Geospatial Artificial Intelligence (GIS-Al), which utilizes
machine learning algorithms to simultaneously analyze
complex, disparate datasets. In the context of SPEVCI,
researchers are employing Convolutional Neural Networks
(CNNs) (Zhuang et al., 2020) to analyze satellite imagery for
roof space availability and land topology, while recurrent
neural networks (RNNs) (Rumelhart et al., 1986) process
time-series data related to traffic flow.

e The Optimization of a Charging Location Requires the
Simultaneous Maximization of Multiple Variables:

v’ Traffic Patterns: Al models ingest historical and real-time
GPS telemetry data to identify high-dwell-time locations
and optimal traffic nodes, ensuring high utilization rates
for the charging station.

v Grid Capacity: Machine learning algorithms evaluate the
existing municipal grid's topology to identify zones where
grid interconnection will be least expensive and where the
grid can handle bidirectional flow (Vehicle-to-Grid or
V2G technologies).

v Solar Irradiance: GIS-Al evaluates micro-climate data,
shading from adjacent structures, and historical weather
patterns to accurately predict the total energy yield of a
localized PV array.

To model this, researchers frequently utilize a spatial
suitability index, optimized via machine learning. A
generalized mathematical representation of this optimization
can be expressed as:

S(z,y) = Y_wiCi(z,y) x || Ri(=,v)
i=1 j=1

Where S(x, y) represents the suitability score of a
specific geographic coordinate, w; is the dynamic weight
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assigned by the Al model to a specific criterion C; (such as
traffic density or solar yield), and R; represents binary
restrictive parameters (such as municipal zoning laws or
environmental regulations).

By automating this complex spatial analysis, GIS-Al
shifts the site selection phase from a prolonged, manual
consultation process to a rapid, data-driven science, thereby
significantly reducing the initial project planning timeline.

» Predictive Resource Scheduling in Construction

Once a site is selected, the physical execution of the
project is entirely dependent on effective scheduling and
resource allocation. The literature demonstrates that
traditional project management methodologies, such as the
linear Waterfall approach or standard Critical Path Method
(CPM), are increasingly proving inadequate for the dynamic
nature of SPEVCI deployment (Zhou et al., 2025).

These conventional frameworks rely heavily on static
planning, which assumes a highly predictable project
environment. However, SPEVCI projects are fraught with
volatility. Project managers must navigate fluctuating global
material costs for solar panels and lithium-ion batteries,
unpredictable supply chain bottlenecks, weather patterns
delaying physical construction, and highly variable municipal
permitting timelines. When traditional frameworks are
applied to these multifaceted projects, the result is often
severe schedule overruns, budget escalation, and suboptimal
resource allocation.

To address these shortcomings, recent research has
focused heavily on Predictive Resource Scheduling powered
by Machine Learning (Salim Afhayma & Youssef, 2025).
Unlike static CPM, predictive scheduling algorithms leverage
vast repositories of historical project data to forecast delays
before they manifest on the critical path.

For example, natural language processing (NLP)
algorithms are now being used to scrape global news feeds,
commodity indices, and port authority databases to predict
supply chain bottlenecks (Garg et al., 2021; Aslam &
Calghan, 2023). If an Al model detects rising geopolitical
tensions in lithium-mining regions or newly imposed tariffs
on photovoltaic modules, it can autonomously calculate the
probabilistic delay in material delivery.

Table 1 Predictive Resource Scheduling in Construction

Feature Traditional CPM Scheduling

Al-Driven Predictive Scheduling

Data Utilization

Relies on manual, static time estimates
provided by contractors.

Leverages vast historical datasets and real-time
global supply chain APIs.

Adaptability -
elays occur.

Rigid; requires manual recalculation when

Dynamic; autonomously re-routes the critical path
based on real-time constraints.

Risk Detection

Reactive; risks are addressed only after
they impact the schedule.

Proactive; forecasts delays caused by bottlenecks
(e.g., lithium-ion shortages).

Resource Allocation

baseline.

Fixed allocation based on initial project

Fluid reallocation based on predicted material
arrival and labor availability.
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By utilizing algorithms such as Long Short-Term
Memory (LSTM) networks—a type of recurrent neural
network excellent for sequence prediction—project
management software can forecast cascading delays. If a
solar panel shipment is delayed by three weeks, the Al system
does not simply push the end date back; it optimizes the
interim schedule, perhaps bringing forward civil engineering
tasks like trenching and structural canopy construction to
ensure labor resources are not sitting idle. This capability is
paramount because the sheer volume of concurrent, inter-
dependent variables effectively exceeds the cognitive
processing capacity of manual project management tools.

» Dynamic Risk Modeling and Real-Time Adaptability

Risk management is the third pillar of effective
infrastructure deployment. Historically, construction and
infrastructure projects have utilized deterministic risk
registers (Rani et al., 2024; Ekung, 2020). These registers list
potential risks, assign them a static probability and impact
score, and propose mitigation strategies. However, as noted
in the foundational problem statement, conventional
frameworks rely heavily on these deterministic risk registers
that fail to account for the dynamic volatility of SPEVCI
projects.

The literature is currently witnessing a transition from
these static risk registers to Al-driven probabilistic models.
The most prominent of these is the Al-enhanced Monte Carlo
simulation (Li et al., 2024). Traditional Monte Carlo
simulations are a mathematical technique used to understand
the impact of risk and uncertainty in prediction and
forecasting models. They work by substituting a range of
values (a probability distribution) for any factor that has
inherent uncertainty, and then calculating results repeatedly,
sometimes tens of thousands of times.

However, standard Monte Carlo simulations in project
management are often limited by the quality of their initial
input data, which is typically derived from human estimation.
Al-enhanced dynamic risk modeling revolutionizes this by
continuously updating the probability distributions based on
real-time data ingestion (Shaaban et al., 2026) .

For instance, rather than assuming a static 15% chance
of weather delays during a two-month construction window,
an Al-driven dynamic risk model integrates with real-time
meteorological APIs. As a storm front develops, the model
autonomously runs thousands of new Monte Carlo iterations
to recalculate the probability of schedule deviation.

The expected schedule variance can be dynamically

updated using Bayesian inference, which in a simplified
continuous time model can be represented as:

P(D:|6)P(6)
P(Dy)

P(0|D;)
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where £(01D1) is the updated probability of a project
delay given the real-time data D; (such as sudden weather

shifts or sudden material cost spikes), P(D4]0) s the
likelihood of observing that data given a specific risk state,

and £7(0) is the prior probability of the delay.

Furthermore, Al-driven risk modeling is uniquely
suited to handle the complex, siloed disciplines required for
SPEVCI. A project manager must seamlessly orchestrate
civil engineering, electrical engineering for grid
interconnection, and software engineering for smart-grid
communication protocols like the Open Charge Point
Protocol (OCPP). An Al model can simulate risks across all
these domains simultaneously, identifying obscure cross-
disciplinary vulnerabilities—such as how a delay in
municipal zoning laws might push back inverter installation,
subsequently invalidating a  time-sensitive  utility
interconnection agreement.

By continuously adapting to real-time weather and
economic data, these dynamic risk models shift project
management from a reactive discipline to a proactive science.

» Summary and Identification of Literature Gaps

The review of the current literature reveals a landscape
characterized by rapid technological advancement but
significant methodological fragmentation. There is a robust
and growing body of knowledge confirming that the mass
adoption of EVs requires the urgent deployment of SPEVCI
to ensure environmental benefits are not simply displaced to
centralized power plants (Khan et al., 2017; Biya & Sindhu,
2019).

Furthermore, the technological components necessary
to achieve this—localized PV arrays, BESS, and high-voltage
charging stations—are mature and well-documented. In the
realm of computer science and operations research,
individual Al technologies have demonstrated profound
capabilities. GIS-Al has proven highly effective at optimizing
spatial problems by analyzing traffic patterns and solar
irradiance. Machine learning models have successfully
forecasted supply chain bottlenecks, and Al-enhanced Monte
Carlo simulations have demonstrated the superior efficacy of
dynamic, real-time risk modeling over static risk registers.

However, a critical gap exists at the intersection of these
domains. The literature currently lacks a unified,
comprehensive project management framework that
seamlessly integrates geospatial intelligence, predictive
resource scheduling, and dynamic risk modeling specifically
tailored for the lifecycle of solar-powered EV infrastructure.

While governments and private entities are mobilizing
vast amounts of capital to deploy these stations, the speed of
deployment is frequently hampered by systemic
inefficiencies. The reliance on outdated, static methodologies
creates systemic bottlenecks, highlighting a critical, unmet
need for a dynamic, adaptive project management paradigm.

WWW.ijisrt.com 345


https://doi.org/10.38124/ijisrt/26sep365

Volume 11, Issue 9, September — 2026
ISSN No:-2456-2165

In addition, current models treat site selection,
scheduling, and risk management as sequential, distinct
phases rather than a continuous, Al-driven feedback loop.
Data is heavily mined during the planning phase to inform a
baseline schedule and budget, after which the project model
remains effectively isolated from live, unfolding conditions.
This approach is fundamentally incompatible with the reality
that SPEVCI projects are fraught with volatility. These
projects must constantly navigate fluctuating global material
costs for solar panels and lithium-ion batteries, unpredictable
supply chain bottlenecks, and weather patterns delaying
physical construction. When a project model relies solely on
historical or "snapshot" data, it fails to account for live
macroeconomic shifts or sudden meteorological events. As
the scale of solar EV infrastructure deployment grows to meet
international  decarbonization targets, bridging this
methodological gap is essential. The subsequent chapters will
address this gap directly by proposing and evaluating
theoretical Al-augmented frameworks that synthesize these
disparate tools into a cohesive, actionable methodology for
infrastructure stakeholders.

Furthermore, constructing a solar-powered EV
charging station requires the seamless orchestration of
multiple, highly specialized, and historically siloed
disciplines. Civil engineering for site preparation and
trenching, electrical engineering for grid interconnection and
inverter installation, and software engineering for smart-grid
communication protocols (such as OCPP) all operate on
interdependent timelines. Without the continuous integration
of real-time data—such as live meteorological feeds,
dynamic commodity pricing APIs, and loT-enabled transit
telemetry—a delay in municipal zoning laws or supply chain
deliveries cannot be instantly communicated across these
silos. Consequently, project managers are forced to make
reactive decisions based on outdated information, leading
directly to severe schedule overruns, budget escalation, and
suboptimal resource allocation.

The sheer volume of concurrent, inter-dependent
variables effectively exceeds the cognitive processing
capacity of manual project management tools. Bridging this
gap requires transitioning from static data analysis to
continuous, automated data streaming. Future frameworks
must conceptualize project management not as a static
blueprint, but as a living digital ecosystem where predictive
models and scheduling algorithms are perpetually
recalibrated by real-time inputs. Thus, the absence of this
continuous feedback loop in current literature underscores the
critical, unmet need for a dynamic, adaptive project
management paradigm capable of processing vast amounts of
real-time data to optimize decision-making throughout the
project lifecycle.

1. METHODOLOGY AND FRAMEWORK
ANALYSIS

» Introduction

As established in the preceding chapters, the
deployment of Solar-Powered EV Charging Infrastructure
(SPEVCI) represents a highly complex socio-technical
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challenge. The integration of localized photovoltaic (PV)
arrays, high-capacity Battery Energy Storage Systems
(BESS), and high-voltage charging stations necessitates the
seamless orchestration of historically siloed engineering
disciplines. Traditional project management methodologies,
such as the linear Waterfall approach or the standard Critical
Path Method (CPM), inherently rely on static planning and
deterministic risk registers that are fundamentally ill-
equipped to manage the volatility of these projects.

To address the widening chasm between the inherent
complexity of SPEVCI projects and the restrictive
capabilities of conventional project management, this chapter
formally evaluates three distinct Al-driven project
management frameworks. These frameworks—Predictive
Agile-Al  (PA-AIl), Al-Enhanced Systems Engineering
(AESE), and Hybrid Digital Twin & AI-BIM Integration—
represent divergent but complementary approaches to
modern infrastructure deployment. By systematically
deconstructing the mechanics, strengths, and weaknesses of
each methodology, this chapter lays the theoretical
groundwork for the hybridized model proposed later in this
research.

» Methodological Evaluation Strategy

Evaluating the efficacy of project management
frameworks in a multidisciplinary environment requires a
formalized, objective standard. Each framework must be
assessed on its ability to manage the distinct phases of a
SPEVCI project: civil engineering (site preparation,
trenching, structural canopies), electrical engineering (grid
interconnection, high-voltage wiring, energy storage), and
software engineering (payment gateways, Open Charge Point
Protocol integration).

To quantify the theoretical utility of each framework,
we can model the overall framework utility score, Us, as a
function of weighted capability advantages against
operational constraints:

Us i w; A;
i—1

FLL

> uC;

J=1

Where:

e A represents the quantified advantage or strength in a
specific project domain (e.g., software adaptability or
safety compliance).

e W, represents the contextual weight of that domain within
the overall SPEVCI lifecycle.

o Cj represents the operational cost or weakness (e.g.,
vulnerability to scope creep, computational expense).

e V; represents the risk variance associated with that
specific weakness manifesting during deployment.

The following sections will qualitatively deconstruct
the variables Aj and C for each of the three theoretical models.
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» Framework I: Predictive Agile-Al (PA-AI)

e Conceptual Overview

The Predictive Agile-Al (PA-AI) framework represents
a synthesis of iterative, human-centric Agile methodologies
(such as Scrum or Kanban) and advanced predictive machine
learning algorithms. Traditional Agile relies heavily on short,
iterative "sprints" to develop products incrementally,
allowing for continuous stakeholder feedback and course
correction. PA-AIl supercharges this process by using Al to
analyze historical sprint data, predict team velocity, and
proactively identify technological bottlenecks before they
occur.

In the context of SPEVCI, this framework is
specifically tailored to manage the digital and telemetric
layers of the charging infrastructure. Deploying a modern
solar EV station is not merely a physical construction task;
software engineering is necessary to deploy secure payment
gateways, user applications, and smart-grid communication
protocols.

o Application in SPEVCI

Under a PA-AIl framework, the development of the
software stack—including the Open Charge Point Protocol
(OCPP) which facilitates communication between the EV
charger and a central management system—is broken down
into micro-deliverables. Machine learning algorithms
continuously ingest real-time data regarding grid protocols
and user interface performance, feeding predictive insights
directly into the sprint planning phase. If an Al model detects
a high probability of integration failure between a specific
payment gateway API and the station's localized network, it
automatically triggers a high-priority sprint adjustment.

e Strengths (Ai)

v Technological Adaptability: The EV industry is
characterized by rapid technological iteration. PA-AI is
highly adaptable to changes in EV charging technology,
such as sudden updates in firmware or shifting
cryptographic standards for payment processing.

v Backend Optimization: It is demonstrably excellent for
managing the software backend of the infrastructure. The
iterative nature ensures that user apps, grid
communication, and remote diagnostic tools are tested
continuously against live scenarios rather than
sequentially at the end of the project.

v’ Stakeholder Alignment: PA-Al ensures continuous
stakeholder feedback. Municipal authorities, utility
companies, and private investors can review functional
digital prototypes throughout the project lifecycle,
minimizing end-stage misalignments.

o Weaknesses (Cj)
v Vulnerability to Scope Creep: The fluidity that makes
Agile so powerful in software is a massive liability in

infrastructure.  The continuous incorporation  of
stakeholder feedback frequently leads to scope creep,
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which can inadvertently inflate budgets and extend
timelines.

v Incompatibility with Physical Infrastructure: PA-AI is
fundamentally limited in its application to the physical
environment. Agile is notoriously difficult to apply to
pouring concrete, trenching, and installing physical solar
canopies. These civil engineering tasks require rigid,
linear scheduling governed by physical laws and curing
times, where an "iterative™ approach is both economically
and physically impossible.

» Framework Il: Al-Enhanced Systems Engineering (AESE)

e Conceptual Overview

To address the inherent physical limitations of Agile
methodologies, the Al-Enhanced Systems Engineering
(AESE) framework provides a modernized, algorithmic
evolution of the traditional Waterfall methodology. Waterfall
and traditional Critical Path Methods (CPM) have long been
the backbone of heavy construction, relying on sequential,
highly  structured phases  (Requirements,  Design,
Implementation, Verification, Maintenance).

AESE preserves this rigorous linear structure but
fundamentally alters how the phases are generated and
managed. Rather than relying on human estimation to
determine task durations and dependencies, AESE uses
machine learning to dynamically optimize the rigid,
sequential phases of heavy infrastructure development. Al
algorithms compute the optimal critical path by simulating
millions of permutations based on historical construction
data, supply chain logistics, and labor productivity rates.

o Application in SPEVCI

SPEVCI projects are fraught with volatility, including
fluctuating global material costs and weather patterns
delaying physical construction. AESE acts as a stabilizing
force. Electrical engineering, which is critical for grid
interconnection, high-voltage wiring, inverter installation,
and energy storage integration, operates under zero-tolerance
safety margins. AESE mandates that physical requirements—
such as the exact gauge of high-voltage wiring or the
structural load limits of the PV canopy—are mathematically
finalized and verified by Al systems before any physical
execution begins.

e Strengths (A)

v Rigorous Structure and Safety Compliance: The
framework provides the rigorous structure necessary for
high-voltage electrical work. By enforcing strict,
sequential verification steps powered by Al safety
protocols, it dramatically reduces the risk of catastrophic
electrical or structural failures.

v' Management of Physical Dependencies: AESE is
excellent for managing strict physical dependencies. It
mathematically ensures that civil engineering tasks (like
site preparation and trenching) are fully completed and
verified before electrical engineering tasks (like inverter
installation) commence, preventing costly out-of-
sequence work.
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v Regulatory Standardization: Because project managers
must navigate a labyrinth of municipal zoning laws,
environmental regulations, and utility interconnection
agreements, the rigid, highly documented nature of AESE
ensures compliance packages are perfectly assembled
before submission.

o Weaknesses (Cj)

v Execution Inflexibility: AESE is notoriously inflexible
once physical execution begins. Because the Al has
optimized the schedule based on an initial state, deviating
from that state is highly disruptive.

v High Upfront Planning Costs: The sheer volume of
concurrent, inter-dependent variables requires massive
computational analysis prior to the project start. This
results in extensive upfront planning costs and delayed
commencement times.

v" Vulnerability to Environmental Unknowns: The
framework struggles immensely to adapt if unexpected
site conditions are discovered mid-project. For instance, if
poor soil quality or an unmapped underground utility line
is discovered during trenching, the rigid sequential nature
of AESE causes cascading delays that are difficult to
mitigate dynamically.

» Framework IllI: Hybrid Digital Twin & AI-BIM
Integration

o Conceptual Overview

The Hybrid Digital Twin and Al-Building Information
Modeling (BIM) framework represents a paradigm shift from
process-based management to spatial computing and
simulation. BIM is an established process involving the
generation and management of digital representations of
physical and functional characteristics of places. A "Digital
Twin" takes this further by creating a live, dynamically
updated virtual replica of the physical asset.

Under this framework, before a single physical action is
taken on site, an exhaustive, multi-layered 3D simulation of
the entire solar-powered EV charging station is generated. Al
algorithms power this Digital Twin, allowing project
managers to simulate the entire project lifecycle—from
construction to operations—identifying spatial clashes,
energy inefficiencies, and logistical bottlenecks in a risk-free
virtual environment.

o Application in SPEVCI

For a SPEVCI project, the Digital Twin framework
integrates the localized photovoltaic (PV) arrays, the high-
capacity Battery Energy Storage Systems (BESS), and the
charging hardware into a unified virtual model. The
mathematical representation of the energy state within the
Digital Twin can be continuously evaluated. For example, the
state of charge (SoC) of the BESS at any simulated time t can
be modeled as:
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Where Pp,([1 ) is the Al-predicted solar irradiance
power generation, Pe,([7 ) is the simulated EV charging load,
n represents efficiency coefficients, and Cmax is total storage
capacity. By running these Al-driven simulations against
historical weather data, project managers can optimize the
size and layout of the PV arrays and BESS prior to
procurement, guaranteeing that the infrastructure resolves the
intermittent nature of solar generation.

e Strengths (A)

v' Superior Spatial and Visual Planning: This framework
eliminates the risk of spatial clashes between disparate
engineering disciplines. The Al automatically detects if
civil engineering trenching plans interfere with the
electrical engineering grounding grid, allowing resolution
before ground is broken.

v’ Operational Lifecycle Simulation: It allows project
managers to simulate operational energy yields during the
design phase. By visualizing exactly how shading from
adjacent municipal structures will impact the solar canopy
throughout the year, the financial viability of the project
can be guaranteed early on.

v Real-Time Asset Tracking: During physical construction,
10T sensors on the site feed data back into the Digital
Twin. This allows for real-time tracking of physical assets
and material deliveries, shifting project monitoring from
retrospective reporting to live spatial awareness.

o Weaknesses (Cj)

v' Massive Data Requirements: The framework requires
massive, high-quality data inputs to function accurately.
A Digital Twin is only as effective as the geographic,
meteorological, and supply chain data it ingests; poor data
quality results in highly confident but fundamentally
flawed simulations.

v" Prohibitive Computational Costs: The maintenance of a
live Digital Twin integrated with complex Al predictive
models incurs high computational and software licensing
costs, which can heavily burden the budget of smaller
localized infrastructure deployments.

v’ Steep Learning Curve: Successfully deploying this
framework demands a steep learning curve for traditional
civil engineering teams. Site contractors accustomed to
2D blueprints often struggle to interface with complex,
cloud-based spatial computing interfaces, potentially
creating friction between the digital planners and the
physical laborers.

» Chapter Summary

The critical evaluation of these three theoretical
frameworks confirms that no single methodology is currently
equipped to manage the full spectrum of a SPEVCI project's
lifecycle.
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The Predictive Agile-Al (PA-Al) model excels in
navigating the rapidly evolving software layer (including
OCPP protocols and user interfaces) but critically fails when
applied to the unforgiving realities of physical civil
engineering. Conversely, the Al-Enhanced Systems
Engineering (AESE) framework provides the rigorous,
uncompromising safety structure demanded by high-voltage
electrical integration, yet it remains dangerously inflexible
when confronted with unpredictable site conditions or
dynamic supply chain disruptions. Finally, the Digital Twin
& AI-BIM framework offers unparalleled spatial planning
and lifecycle simulation capabilities, but introduces
exorbitant data, computational, and training barriers that can
alienate traditional execution teams.

The limitations of traditional project management tools
effectively exceed the cognitive processing capacity required
to manage these multifaceted projects. Therefore, relying on
any single framework will inevitably lead to systemic
inefficiencies, schedule overruns, and suboptimal resource
allocation. The distinct advantages and inherent weaknesses
identified in this chapter establish a clear mandate: the
successful scaling of decentralized, zero-emission charging
infrastructure requires a synergistic approach. The
subsequent chapters will utilize these findings to delineate the
core components of an optimized, hybridized project
management framework that unifies predictive agility,
systemic rigor, and spatial intelligence.

V. THE SYNTHESIZED FRAMEWORK: A
UNIFIED METHODOLOGY FOR SPEVCI

» Introduction to the Unified Framework

The evaluation of theoretical paradigms in the
preceding chapter definitively established that no single,
conventional methodology can adequately manage the
lifecycle of Solar-Powered EV Charging Infrastructure
(SPEVCI). The Predictive Agile-Al (PA-AI) framework
excels in iterative software and protocol development but
fails under the rigid physical constraints of civil engineering.
The Al-Enhanced Systems Engineering (AESE) framework
provides the uncompromising safety and structural rigor
required for high-voltage and civil works, yet it lacks the
agility to respond to real-time supply chain volatility or
changing environmental constraints. Finally, the Digital Twin
& AI-BIM Integration framework offers unparalleled spatial
planning and lifecycle simulation but introduces severe
computational costs and a steep learning curve that can isolate
physical execution teams.

To bridge this methodological chasm, this chapter
introduces a synthesized framework: the Dynamic Lifecycle
and AI-BIM Integration (DLAI) Framework. This unified
methodology extracts the optimal components of PA-AI,
AESE, and Digital Twin frameworks, combining them into a
cohesive, intelligent management ecosystem. The DLAI
Framework is designed to reconcile the predictability and
structure required for physical infrastructure with the
adaptability and speed necessitated by digital systems and
supply chain volatility.

IJISRT26SEP365

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/26sep365

» Core Architecture of the DLAI Framework

The DLAI framework abandons the traditional, linear
view of project phases. Instead, it conceptualizes the project
as a continuous, interconnected data ecosystem governed by
a centralized Artificial Intelligence Energy Management
System (AI-EMS) and project control hub. The framework is
built upon three foundational, interacting layers:

v' The Spatial and Simulation Layer (Adapted from Digital
Twin/BIM): Focuses on pre-construction planning, site
selection, and continuous spatial tracking.

v’ The Predictive Execution Layer (Adapted from AESE and
Al-Scheduling): Governs the physical rollout, supply
chain routing, and high-voltage integration.

v' The Agile Telemetry Layer (Adapted from PA-Al):
Manages the software deployment, grid communication
(OCPP), and real-time operational feedback.

e The Spatial and Simulation Layer: Al-Driven Pre-
Construction
The DLAI framework mandates that physical execution
cannot commence until the Spatial and Simulation layer has
established a mathematically verified baseline. This layer
utilizes a lightweight adaptation of the Digital Twin
framework, specifically tailored for SPEVCI.

Instead of a computationally prohibitive full-scale
Digital Twin, the DLAI framework utilizes Geospatial Al
(GIS-Al) to create a "Suitability and Spatial Map." This
involves deploying Convolutional Neural Networks (CNNs)
and recurrent neural networks (RNNSs) to process multi-
dimensional data, including:

v Optimal Site Selection: Analyzing traffic patterns, land
topology, and municipal zoning laws.

v Solar Yield Prediction: The system analyzes micro-
climate data, historical weather patterns, and potential
shading from adjacent structures to simulate the
operational energy yield of the photovoltaic (PV) array
before procurement.

v/ Grid Capacity and Interconnection: Evaluating the
existing municipal grid topology to determine the most
cost-effective and structurally sound zones for
interconnection.

Once the Al validates the site, a 3D Building
Information Model (BIM) is generated. This BIM is
specifically designed to eliminate spatial clashes between
civil engineering tasks (like trenching) and electrical
engineering tasks (like the grounding grid). By synthesizing
these elements, the framework ensures that the initial project
blueprint is not based on human estimation, but on rigorous,
data-driven simulation.

e The Predictive Execution Layer: Dynamic Supply Chains
and Civil Works
Once the simulation phase finalizes the spatial
requirements, the project transitions into physical execution.
This phase integrates the rigorous structural controls of
Systems Engineering (AESE) with the predictive capabilities
of machine learning.
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The integration of localized PV arrays and high-
capacity Battery Energy Storage Systems (BESS) introduces
significant supply chain vulnerabilities. To manage this, the
DLAI framework employs a Predictive Resource Scheduling
engine. This engine utilizes Natural Language Processing
(NLP) to scrape global news feeds, commodity indices, and
port authority databases. If the Al detects an impending
bottleneck—such as newly imposed tariffs on photovoltaic
modules or a shortage of lithium-ion batteries—it
autonomously and routinely recalculates the probabilistic
delay in material delivery.

Crucially, the DLAI framework does not simply push
the project end-date back when delays are detected. Utilizing
Long Short-Term Memory (LSTM) networks, the Al
optimizes the interim schedule. For example, if a transformer
shipment is delayed, the system dynamically re-routes the
critical path, bringing forward civil engineering tasks such as
canopy construction or trenching to ensure labor resources
are continuously utilized. This fluid reallocation prevents the
cascading delays that plague rigid Waterfall methodologies.
Furthermore, for high-voltage electrical work, this layer
enforces uncompromising Al-verified safety protocols,
ensuring strict compliance with regulatory and engineering
standards before tasks like inverter installation can proceed.

e The Agile Telemetry Layer: Software, Grid, and Risk
Integration

The final component of the DLAI framework addresses
the digital and operational aspects of the SPEVCI project.
Deploying a smart charging network requires the integration
of loT sensors, payment gateways, and communication
protocols like OCPP. This layer borrows heavily from the
Predictive Agile-Al (PA-Al) methodology. While the
physical infrastructure is being constructed under the rigid
controls of the Execution Layer, the software stack is
developed in continuous, iterative sprints. Machine learning
algorithms constantly monitor the performance of user
interfaces and grid protocols.

This Agile Telemetry layer also houses the Dynamic
Risk Modeling engine. Moving away from static risk
registers, the DLAI framework uses Al-enhanced Monte
Carlo simulations. This model ingests real-time data, such as
live meteorological feeds. If a sudden storm front develops
that threatens physical construction, the Al autonomously
runs thousands of iterations to recalculate the probability of
schedule deviation. By continuously updating these
probability distributions based on real-time data ingestion,
the DLAI framework ensures that the project manager is
making decisions based on live macroeconomic shifts and
meteorological events, rather than outdated snapshot data.

» Framework Integration: The Continuous Feedback Loop

The true innovation of the DLAI framework is not the
individual layers, but the continuous, automated data
streaming that connects them.

In a traditional project, if the digital team discovers a

firmware incompatibility with the selected BESS, the
information must slowly travel through manual reporting
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channels to the procurement and civil engineering teams. In
the DLAI framework, the layers are interconnected via a
centralized loT-enabled platform.

If the Agile Telemetry Layer detects a software
incompatibility with a specific hardware component, the
system instantaneously updates the Predictive Execution
Layer. The scheduling Al can immediately halt the
procurement of that component, assess alternative hardware
options via the supply chain APIs, and update the 3D BIM
model in the Spatial Layer to ensure the new component fits
within the physical constraints of the site.

This continuous feedback loop seamlessly bridges the
historical silos of civil, electrical, and software engineering,
allowing for proactive, cross-disciplinary risk management.

» Conclusion

The Dynamic Lifecycle and AI-BIM Integration
(DLAI) Framework provides a comprehensive, synthesized
solution to the logistical and engineering challenges of
deploying Solar-Powered EV Charging Infrastructure. By
balancing the necessary rigidity of Systems Engineering with
the adaptability of Agile methodologies and the predictive
power of Artificial Intelligence, this framework shifts
infrastructure project management from a static, reactive
discipline into a dynamic, living digital ecosystem. The next
chapter will subject this theoretical framework to a rigorous
simulated case study to quantify its impact on project
velocity, cost reduction, and overall deployment efficiency.

V. IMPLEMENTATION & SIMULATION

» Case Study Parameters and Baseline Metrics

To quantify the theoretical utility of the Dynamic
Lifecycle and AI-BIM Integration (DLAI) framework, a
simulated case study was executed using a Python-based
Monte Carlo stochastic model. The simulation modeled the
deployment of a 50-station Solar-Powered Electric Vehicle
Charging Infrastructure (SPEVCI) network. As established in
previous chapters, scaling this infrastructure globally
presents a formidable logistical and engineering challenge.
To establish a control environment, the empirical baseline
schedule for this 50-station deployment was set at exactly 72
weeks. The corresponding baseline budget was established at
$15,000,000, reflecting the substantial capital required to
procure localized photovoltaic (PV) arrays, high-capacity
Battery Energy Storage Systems (BESS), and high-voltage
charging terminals.

To accurately account for the technological overhead of
the DLAI framework, a dedicated Al compute and cloud API
cost of $120,000 was injected into the test group's financial
baseline. This cost represents the prohibitive computational
expenses and software licensing associated with maintaining
a live Digital Twin integrated with complex Al predictive
models. The simulation was designed to run 10,000
independent iterations to ensure statistical significance,
dynamically comparing the rigid Critical Path Method (CPM)
against the predictive routing of the DLAI framework under
severe, real-world operational stressors.
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Table 2 Simulation Parameters and Values

Baseline Parameter

Value

Project Scope

50-station SPEVCI network

Simulation Scale

10,000 independent iterations

Baseline Schedule

72 weeks

Baseline Budget

$15,000,000

DLAI Tech Overhead

$120,000 (Al compute & cloud APIs)

» Monte Carlo Stochastic Execution Loop and Operational
Stressors

Traditional project management relies heavily on static
deterministic risk registers that fail to manage the dynamic
supply chain volatility inherent to SPEVCI deployment. To
replicate this volatility, the simulation loop injected three
distinct mathematical stressors into the project timeline,
targeting the electrical, civil, and software engineering
domains respectively.

e Stressor 1: Inverter Supply Bottleneck:

The integration of localized PV arrays and BESS
introduces significant supply chain vulnerabilities. To model
this, a Weibull distribution was applied to simulate inverter
delivery delays across 40% of the deployment sites (20
stations). The stochastic delay utilized a shape parameter (8)
of 2.1 and a scale parameter (a) of 6.2. The Weibull
distribution was chosen because it captures a broad range of
random variables and is useful in modelling the time between
events (Ahmed et al., 2025). In the control group, traditional
CPM forces the project to wait for the worst delayed site,
incurring an idle penalty of $15,000 per week per affected
site.

e Stressor 2: Severe Weather Event:

Civil engineering tasks such as trenching and structural
canopy installation require rigid scheduling governed by
physical laws and curing times. A severe regional weather
event was injected using a Beta-PERT distribution,
characterized by optimistic (a=7), most likely (m=14), and
pessimistic (b=21) delay durations in days. The Beta-PERT
distribution is used to model expert estimates because it
reasonably approximates the normal distribution and has the
ability to generate events close enough to the most likely
value (The Beta-PERT Distribution | RiskAMP, 2026). In our
simulation, the resulting regional labor halts cost the project
$50,000 for each week of delay.

e Stressor 3: Regulatory and Grid Protocol Shift:

Deploying a smart charging network requires the
seamless integration of communication protocols like the
Open Charge Point Protocol (OCPP). To simulate regulatory
instability, a Bernoulli distribution with a 25% probability
(p=0.25) was used to trigger a sudden protocol shift requiring
4 weeks of software rework. This rework resulted in a flat
$100,000 penalty for labor and regulatory fines.

Table 3 Parameter Choices for the Simulation

Stochastic Stressor

Probability Distribution

Associated Penalty

Inverter Bottleneck

Weibull (8=2.1, a=6.2)

$15,000 per week per site

Severe Weather

Beta-PERT (a =7, m=14, b =21 days)

$50,000 per week

Regulatory Shift

Bernoulli (p=0.25)

$100,000 flat fee & 4 weeks rework

» Comparative Execution Strategy: CPM vs. DLAI
Framework

During each of the 10,000 iterations, the control group
relied on standard CPM logic. Under CPM, tasks are
fundamentally inflexible once physical execution begins.
Consequently, the delays generated by the Weibull, Beta-
PERT, and Bernoulli distributions cascaded linearly,
compounding both schedule slippage and budget escalation.
The CPM model simply pushed the end-date back when
delays were detected, ensuring that labor resources sat idle.

Conversely, the test group utilized the DLAI
framework. The core architecture of the DLAI framework
conceptualizes the project as a continuous, interconnected
data ecosystem governed by a centralized Artificial
Intelligence Energy Management System (AI-EMS). By
leveraging predictive telemetry and machine learning
algorithms, the DLAI model autonomously recalculated the
probabilistic delay in material delivery. Rather than accepting
cascading delays, the DLAI framework dynamically re-
routed the critical path. The mathematical mitigation of these
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delays in the test group was governed by a sensitivity
function:

Mitigation = 0.90 X ML geeypacy X (1 — Latency).

Operating under an 85% machine learning accuracy
threshold and a 10% telemetry latency friction, the
framework mathematically bypassed traditional bottlenecks
by fluidly reallocating labor and substituting resources
dynamically.

» Quantitative Results and Schedule Slippage Mitigation

The aggregated results from the 10,000 Monte Carlo
iterations comprehensively validate the theoretical
superiority of the DLAI framework over traditional
deterministic methods.

In the control group utilizing standard CPM, the initial
baseline schedule of 72 weeks suffered severe degradation.

e The mean project completion time under CPM extended
to 86.25 weeks.
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e Financial overruns were equally disruptive, pushing the
mean total cost from the $15.0M baseline to $16.77M.

e Most critically, at the P90 confidence interval, the
traditional CPM framework yielded a schedule slippage of
17.79 weeks. This confirms earlier literature suggesting
that standard frameworks fail catastrophically when
forced to navigate fluctuating global material costs and
unpredictable weather patterns.

The DLAI framework generated drastically improved
operational metrics, even when accounting for the $120,000
Al compute penalty.
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e The mean project completion time under the DLAI

framework was restricted to 76.44 weeks, saving nearly
10 weeks of operational delays compared to the control.

e The mean total cost was suppressed to $15.67M,

representing a substantial containment of budget

escalation.

e The most profound metric was the P90 schedule slippage,

which the DLAI framework reduced to just 5.54 weeks.
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Fig 1 Duration Slippage Comparisons between the Traditional Critical Path Method and Our Proposed Dlai Framework

By successfully isolating and mitigating systemic
vulnerabilities through predictive agile-telemetry and
dynamic spatial routing, the DLAI framework reduced P90
schedule slippage by roughly 69% compared to traditional

models. These simulated findings confirm that shifting from
reactive, siloed planning to proactive, Al-driven operations is
an essential paradigm shift for successfully scaling
decentralized renewable energy infrastructure.

Table 4 Summary of the Simulation Results

Performance Metric Traditional CPM Result DLAI Framework Result
Mean Completion Time 86.25 weeks 76.44 weeks
Mean Total Cost $16.77TM $15.67M
P90 Schedule Slippage 17.79 weeks 5.54 weeks

VI. CONCLUSION & FUTURE DIRECTIONS
» Synthesis of Findings and Methodological Paradigm Shift
The rapid global transition toward sustainable
transportation requires the mass deployment of Solar-
Powered Electric Vehicle Charging Infrastructure (SPEVCI).
However, this deployment is fundamentally hindered by the
limitations of traditional, deterministic project management
methodologies such as the linear Waterfall approach and the
standard Critical Path Method (CPM). This research
established that the integration of localized photovoltaic
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arrays, high-capacity battery storage, and high-voltage
charging terminals transforms these installations into highly
complex socio-technical systems.

To resolve the widening chasm between project
complexity and manual management capabilities, this paper
proposed the Dynamic Lifecycle and AlI-BIM Integration
(DLAI) framework. By synthesizing Predictive Agile-Al
(PA-AI), Al-Enhanced Systems Engineering (AESE), and
Digital Twin spatial computing, the DLAI framework
operates as a continuous, intelligent data ecosystem. The
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Monte Carlo stochastic simulations conducted in this study
quantitatively validated this approach. By orchestrating
spatial simulation, predictive execution routing, and agile
telemetry, the DLAI framework mitigated severe supply
chain bottlenecks, meteorological disruptions, and regulatory
shifts. Ultimately, the DLAI framework restricted mean
schedule overruns to 76.44 weeks and contained P90
schedule slippage to just 5.54 weeks, significantly
outperforming traditional CPM.

» Managerial Implications for SPEVCI Deployment

The implementation of the DLAI framework introduces
profound managerial implications for engineering and
construction stakeholders. Primarily, it requires an
organizational transition away from siloed engineering
practices. Because civil, electrical, and software engineering
operate on interdependent timelines, project managers must
embrace centralized loT-enabled feedback loops to prevent
out-of-sequence work. If the Agile Telemetry Layer detects a
software incompatibility, project managers must trust the
system to autonomously halt procurement and update 3D
BIM models in real-time.

However, the adoption of this framework is not without
friction. Project managers must navigate the steep learning
curve required for traditional civil engineering teams. Site
contractors accustomed to two-dimensional blueprints often
struggle to interface with complex, cloud-based spatial
computing interfaces, potentially creating workflow
bottlenecks between digital planners and physical laborers.
Therefore, significant managerial investment must be
directed toward specialized labor training and cross-
disciplinary communication strategies to fully realize the
cost-saving benefits demonstrated in the simulation.

» Limitations and Avenues for Future Research

While the theoretical and simulated outcomes of the
DLAI framework are highly promising, certain limitations
must be acknowledged to guide future academic inquiry. The
Monte Carlo simulation relied on standardized probability
distributions (Weibull, Beta-PERT, Bernoulli) operating
under fixed Al accuracy thresholds. Real-world deployments
may feature multi-variable cascading failures that behave
non-linearly, requiring deeper empirical validation in
physical test environments. Furthermore, the DLAI
framework requires massive, high-quality data inputs to
function accurately; poor meteorological or supply chain data
inevitably results in highly confident but fundamentally
flawed Al simulations.

Future research should focus on optimizing Geospatial
Al (GIS-Al) to process real-time bidirectional grid flow,
specifically exploring Vehicle-to-Grid (V2G) technologies.
Investigating how Recurrent Neural Networks (RNNSs) can
better analyze hyper-local traffic micro-climates will further
refine site suitability indices. Finally, subsequent studies
should seek to optimize the exorbitant computational and
software licensing costs associated with live Digital Twins,
ensuring that predictive project management remains
financially viable for smaller, decentralized microgrid
deployments.
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APPENDIX
[1] .
v 15 1 import numpy as np
2  import pandas as pd
3 dimport matplotlib.pyplet as plt
4  import seaborn as sns
5 from scipy import stats
[2]
\/ 0 ° 1 # _________________________________________________________
2 # 1. DISTRIBUTION HELPER FUNCTIONS
3
U def sample_beta_pert(a, m, b, size=1):
5 nnn
6 Generates samples from a Beta-PERT distribution.
7 a: Optimistic (minimum)
8 m: Most likely (mode)
9 b: Pessimistic (maximum)
10
11 # Standard PERT transformations for Beta distribution parameters
12 alpha =1 + 4 * ((m-a) / (b-a))
13 beta =1+ 4 ((b-m / (b-a))
14
15 # Generate beta samples and scale them to the [a, b] range
16 samples = stats.beta.rvs(alpha, beta, size=size)
17 return a + samples * (b - a)
3
T
2 # 2. SIMULATION ENGINE PARAMETERS (Empirical Baseline)
3 #-—— e
4 NUM_RUNS = 10000
5  BASELINE_SCHEDULE_WEEKS = 72.0
6 BASELINE_BUDGET = 15000000.8 # $15M for 50 stations
7  AI_COMPUTE_COST = 120000.0 # DLAI Cloud / API Overhead
g SITES = 50
9
10 # Sensitivity Variables
11 ML_ACCURACY_THRESHOLD = 0.85 # Base scenario prediction accuracy
12  TELEMETRY_LATENCY = 0.18 # Base scenario data loss friction
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[y

- 1w —
2 # 3. MONTE CARLO STOCHASTIC EXECUTION LOOP
3 # e
4 def run_simulation(runs, ml_accuracy, latency):
5 cpm_schedules = np.zeros(runs)
[ cpm_costs = np.zeros(runs)
7 dlai_schedules = np.zeros(runs)
8 dlai_costs = np.zeros{runs)
9
18 for i in range(runs):
11 # STRESSOR 1: Inverter Supply Bottleneck (Weibull)
12 # alpha (scale) = 6.2, beta (shape) = 2.1
13 # Applied to 4B8% of sites (20 sites)
14 inverter_delays = stats.weibull_min.rvs(c=2.1, scale=6.2, size=28)
15 s1_cpm_delay_weeks = np.max{inverter_delays) # CPM waits for worst delayed site
16 sl_cpm_cost = np.sum(inverter_delays * 15888) # $15k idle cost per week per site
17
18 # STRESSOR 2: Sewere Weather Event (Beta-PERT)
19 # a=7, m=14,  b=21 days (converted to weeks)
28 weather_delay_days = sample betapert(7, 14, 21, sizez1)[e]
21 s2_cpm_delay_weeks = weather_delay_days / 7.8
22 s2_cpm_cost = s2_cpm_delay_weeks + 58080 # Regional labor halt costs
23
24 # STRESSOR 3: Regulatery / Grid Protocel Shift (Bernoulli)
25 # p=8.25 probability of triggering 4 weeks of software rework
26 reg_shift = stats.bernoulli.rvs(p=08.25)
27 s3_cpm_delay_weeks = reg_shift = 4.8
28 s3_cpm_cost = reg_shift * 180880 # Rework labor/fines
29
38 # —— CONTROL GROUP (CPM) CALCULATION ——
31 cpm_schedules[i] = BASELINE_SCHEDULE_WEEKS + s1_cpm_delay_weeks + s2_cpm_delay_weeks + s3_cpm_delay_weeks
32 cpm_costs[i] = BASELINE_BUDGET + sl_cpm_cost + s2_cpm_cost + s3_cpm_cost
33
34 # —— TEST GROUP (DLAI FRAMEWORK) CALCULATION —
35 # The AI mitigates delays based on ML Accuracy and Telemetry Latency
36 # Perfect AI mitigates 98% of delays; adjusted by real-world friction
37 mitigation_factor = ©.98 * ml_accuracy * (1 - latency)
38
39 dlai_schedules[i] = BASELINE_SCHEDULE_WEEKS + ((cpm_schedules[i] - BASELINE_SCHEDULE_WEEKS) * (1 - mitigatiom_factor])
4@ dlai_costs[i] = BASELINE_BUDGET + AI_COMPUTE_COST + ((cpm_costs[i] — BASELINE_BUDGET) =* (1 — mitigatien_factor))
41
42 return cpm_schedules, cpm_costs, dlai_schedules, dlai_costs
43

44 # Execute Base Simulation
45  cpm_sched, cpm_cost, dlai_sched, dlai_cost = run_simulation(NUM_RUNS, ML_ACCURACY_THRESHOLD, TELEMETRY_LATENCY)

[5]

] t-—
v 2 # 4. RESULTS AGGREGATIOMN & SENSITIVITY OUTPUTS
;3 fFb-—— -
4  results_df = pd.DataFrame({
5 "Metric': ['Mean Schedule (Weeks)', 'Mean Total Cost ($M)', 'P98 Schedule Slippage (Weeks)'],
6 'Baseline': [BASELINE_SCHEDULE_WEEKS, BASELINE_BUDGET/les, 8.8],
7 "CPM (Comtroll)': [
8 np.mean(cpm_sched),
9 np.mean(cpm_cost)/1e6,
18 np.percentile(cpm_sched, 98) - BASELINE_SCHEDULE_WEEKS
11 1,
12 "DLAI (Test)': [
13 np.mean(dlai_sched),
14 np.mean(dlai_cost)/le6,
15 np.percentile(dlai_sched, 98) - BASELINE_SCHEDULE_WEEKS
16 ]
17 1)
18
19 print("=== SIMULATION RESULTS (18,6088 ITERATIONS) ===")
28 print(results_df.round(2).to_string(index=False))
R === SIMULATION RESULTS (1@, 088 ITERATIONS) ===
Metric Baseline CPM (Control) DLAI (Test)
Mean Schedule (Weeks) 72.8 86.25 T6. 44
Mean Tetal Cost (M) 15.8 16.77 15.67
P98 Schedule Slippage (Wesks) 8.8 17.82 5.55
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So o :
. 2  # 5. VISUALTIZATION (CDF of Schedule Slippage)
3 # -
4  plt.figure(figsize=(10, &))
5 sns.kdeplot(cpm_sched, cumulative=True, label='Traditional CPM (Contrell)', color='red', linestyle='—"')
6 sns.kdeplot(dlai_sched, cumulative=True, label='DLAI Framework (Test)', color='blue')
7 plt.axvline(BASELINE_SCHEDULE_WEEKS, color='black',6 linestyle=":', label='Baseline Target (72 Weeks)')
8
2 plt.title("Cumulative Distribution Function: Project Schedule Outcomes", fontsize=14)
18  plt.xlabel("Total Project Duration (Weeks)", fontsize=12)
11 plt.ylabel("Cumulative Probability", fontsize=12)
12 plt.legend(loc='lower right"')
13 plt.grid(True, alpha=8.3)
14 plt.show()
w . . . . . . .
Cumulative Distribution Function: Project Schedule Outcomes
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