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Abstract

The evaluation of optimization algorithms for electric vehicle routing problems depends
strongly on the quality of the benchmark instances used during experimentation. However,
many synthetic instances simplify the joint effects of geometry, topography, operation, and
energy, which can distort algorithmic assessment. This article proposes a modular and
reproducible pipeline for generating synthetic instances of the Electric Vehicle Steiner Trav-
eling Salesman Problem (EV-STSP), calibrated from a real urban reference network based
on publicly available Madrid data. The pipeline combines directed graph construction, ge-
ometric control, attribute enrichment, charging-infrastructure placement, structured export,
and explicit traceability mechanisms. To assess the realism of the generated instances, a
three-level validation protocol is introduced, covering marginal distributional similarity;,
physical coherence among dependent variables, and structural-operational consistency. A
controlled ablation design is then used to quantify the contribution of individual modules
to overall benchmark realism. Within the experimental domain explored here, the results
show that benchmark realism is not supported uniformly by all modules; instead, it de-
pends primarily on arc-length generation, topographic alignment, and energy modeling.
The proposed framework therefore offers not only a reproducible way to generate EV-STSP
benchmarks, but also an explicit methodology for verifying whether such benchmarks are
suitable for comparative algorithmic experimentation.

Keywords: electric vehicle routing; EV-STSP; synthetic benchmark generation; realistic
instance generation; urban logistics; energy-aware routing; reproducibility; ablation study

1. Introduction

In recent years, transport electrification has become a major research topic in logistics
and optimization. Within this context, routing problems for electric vehicles have expanded
rapidly, both in the number of problem variants considered and in the diversity of solution
approaches, driven by the need to reduce emissions, improve energy efficiency, and adapt
route planning to new operational constraints. Recent surveys show that the Electric Vehicle
Routing Problem (EVRP) has become a well-established research domain, with multiple
problem classes, algorithms, and benchmark sets, while also warning that a substantial
portion of the literature still oversimplifies real operating conditions or remains only
partially connected to the actual capabilities of vehicles and their urban environment [1-3].
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Among the most influential variants is the Electric Vehicle Routing Problem with
Time Windows (E-VRPTW), introduced to explicitly represent the limited driving range
of vehicles, the need for en-route charging, and essential operational constraints such as
capacity and time windows [4]. Building on this model, the literature has shown that the
problem does not depend only on deciding which customers to visit and in what sequence,
but also on when to recharge, where to do so, and under which recharging policy. In this line
of work, it has been shown that allowing partial recharges can modify route structure and
improve decision quality [5], whereas full battery swapping can substantially reduce station
service time, albeit at the cost of additional infrastructure and operational assumptions [6].
Taken together, these studies show that the representation of the recharging process is not
an accessory detail, but rather a structural part of the problem.

In parallel, the literature has incorporated progressively more realistic energy models.
In particular, it has been argued that the energy consumption of an electric vehicle should
not be treated solely as a linear function of traveled distance, since variables such as speed,
road gradient, and carried load substantially modify the energy consumed and, conse-
quently, route feasibility. More specifically, it has been documented that realistic energy
consumption depends on variables such as speed, gradient, and payload, because these
factors directly affect the available driving range and the timing of recharging decisions [7].
Consistently, richer formulations have explicitly incorporated speed and payload within
the energy model [8]. More recently, in time-dependent urban settings, it has been ob-
served that speed variations affect not only travel times but also battery depletion, and that
ignoring this dependency may induce operational infeasibilities [9].

Beyond energy enrichment, the literature has also begun to model more complex
operational structures. For example, piecewise charging schemes and stations with lim-
ited charger capacity introduce an explicit interaction between routing and scheduling
decisions [10]. This evolution confirms that contemporary EV routing can no longer be un-
derstood merely as a green extension of the classical VRP, but rather as a family of problems
in which physical, temporal, and infrastructural constraints interact closely. Nevertheless,
this same progress makes a methodological tension more visible: although the literature has
advanced considerably in the formulation and solution of increasingly rich EVRP variants,
it is still necessary to strengthen the experimental basis on which algorithms are compared,
especially when their behavior is to be assessed in urban settings that are sensitive to energy
consumption. In that sense, operational realism is no longer a marginal refinement of EVRP
modeling, but a necessary condition for correctly interpreting the performance of solution
methods [3,7-10].

In this study, that need is addressed through a real reference case based on a directed
urban road network from Madrid, enriched with geometric, topographic, and operational
information for the study of the Steiner Traveling Salesman Problem in the context of
electric vehicles [11]. This case was selected because three key data layers (urban network,
elevation, and traffic) are publicly available and reproducible as supplementary mate-
rial accompanying the original study. To ensure traceability, version 1.1 of the Zenodo
repository is used, which includes both the reference data and the energy model em-
ployed in that work [12]. The input materials are organized into three main layers: a road
layer represented by a directed urban graph; a topographic layer that associates elevation
with the network and allows relationships among gradient, elevation, and geometry to
be derived; and an operational layer composed of hourly traffic snapshots for October
and November 2022, used to obtain representative speeds by segment. In addition, the
energy_estimation_full.h5 model and its associated scaler, scaler_full.pkl, are integrated
as inherited reference components for estimating arc-level energy consumption under a
consistent input scheme. This empirical basis not only contributes realism, but also makes
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it possible to assess whether a preexisting energy model remains coherent when applied to
synthetically generated attributes.

A parallel, though considerably smaller, line of research has focused specifically on
generating benchmark instances for electric vehicle routing problems. In this context,
Schneider et al. [4] introduced the E-VRPTW benchmark set that became the de facto
standard for algorithmic comparison, constructed from modified Solomon instances with
synthetic locations and no distributional calibration. Hiermann et al. [13] extended this
approach to heterogeneous fleets and incorporated basic operational checks on recharging
station usage, but without distributional validation and with a constant energy consump-
tion model that does not depend on the carried load. Along similar lines, Montoya et al. [14]
generated instances with nonlinear recharging functions from real vehicle data, but placed
nodes in a synthetic 120 x 120 km? space without topographic calibration; the authors
themselves acknowledge that energy consumption was simplified as the vehicle consump-
tion rate multiplied by the arc distance, omitting the effect of gradient, speed, and load.
Froger et al. [15], Schiffer and Walther [16], and Felipe et al. [17] also contributed instances
or benchmark extensions for various EVRP variants, but none incorporated distributional
validation or explicit physical coherence mechanisms among the generated attributes. In
the classical VRP domain, Uchoa et al. [18] established a methodological reference by
controlling the geometric distribution of nodes, but without the physical and energy at-
tribute layer that electric routing requires. In the Steiner TSP domain more specifically,
Rodriguez-Pereira et al. [19] proposed compact ILP formulations and exact branch-and-cut
algorithms for the undirected STSP, validating them on instances from the literature but
without a calibrated synthetic generator or distributional validation; and Agarwal et al. [20]
addressed a bi-criterion variant with time windows for last-mile electric vehicle logistics
on real Amazon delivery routes, incorporating gradient-aware energy consumption, but
similarly without a formal benchmark generation protocol or physical-coherence verifica-
tion. Taken together, the review of these works reveals three systematic gaps: none applies
formal distributional tests to verify that synthetic instances reproduce the distributions
of a real urban network; physical coherence among dependent variables (length, gradi-
ent, speed, and energy) is rarely verified explicitly; and module-level ablation analysis to
identify which generator components are critical for benchmark realism is absent from
the reviewed literature. Table 1 synthesizes these methodological dimensions across the
reviewed works and positions the present study with respect to each identified gap.

Table 1. Methodological comparison of related works for EV-routing and Steiner TSP benchmark
generation.

Network/

Study Problem Contrib. Instances Energy Model Calib. D.V. PC. Abl. Rep.
Schneider et al. [4] E-VRPTW Benchmark Synthetic (Solomon) None - - - - -
Hiermann etal. [13] E-VRPTW (het.) Benchmark Synthetic Constant - - - - -
Montoya etal. [14] E-VRPTW (nonlin.)  Benchmark Synthetic (uniform) Linear dist. - - - - -
Froger et al. [15] EVRP Instances Montoya-based Linear dist. - - - - -
Uchoa etal. [18] CVRP Benchmark Synthetic (geom.) N/A - - - - ~
Rodriguez-Pereira STSP Solver Literature instances N/A - - - - -

etal. [19]

Agarwal etal. [20] Bi-STSP-TW+EV Solver Real (Amazon, Austin, TX) Regen. braking - - - - -
This study EV-STSP Generator+ Real (Madrid) ANN v v v v

protocol (speed, grad., load)

Calib. = calibrated from real-data distributions; D.V. = formal distributional validation; P.C. = physical coherence
among dependent attributes; Abl. = module-level ablation; Rep. = explicit reproducibility mechanism. v’ = yes;
- =no; ~ = partial.
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Against this background, the article proposes a modular and reproducible pipeline
for generating EV-STSP synthetic instances calibrated from a real urban reference network.
The contribution goes beyond producing new instances: it establishes an explicit procedure
for evaluating whether those instances preserve properties that matter for algorithmic ex-
perimentation. To this end, the pipeline integrates modules for structural construction and
for geometric, topographic, operational, and energy enrichment, and is paired with a three-
level validation protocol, a module-wise ablation design, and a configuration synthesis for
generating more defensible benchmarks. From this perspective, the main contribution of
the study is to show, within the experimental domain examined here, that the validity of a
synthetic EV-STSP benchmark depends on simultaneously preserving distributional simi-
larity, physical coherence, and operational consistency, and that these properties are driven
by a critical subset of generator modules rather than by all of them equally. Accordingly,
the article does not propose a new solver for a richer EVRP variant; instead, it provides a
reproducible and auditable experimental basis for the methodologically sound comparison
of algorithms on EV-STSP. While individual elements such as distributional calibration,
multi-level validation, and ablation analysis are known in adjacent methodological do-
mains, their joint application to EV-STSP benchmark generation, where physical coherence
among arc length, gradient, and energy is an operational constraint rather than a decorative
property, constitutes a contribution that goes beyond integration: it proposes an auditable
framework for verifying whether a synthetic instance is fit for algorithmic experimentation,
a design requirement not addressed by any of the reviewed benchmark generators for
EV-STSP. In view of these gaps, the novelty of the present contribution rests on three aspects
that, taken together, have not been addressed in an integrated manner in the reviewed
works: (i) distributional calibration of the instance generator from a real urban network
with publicly available and traceable data, which distinguishes the approach from genera-
tors based on uncalibrated synthetic distributions; (ii) a validation protocol structured at
three levels (distributional similarity, physical coherence among dependent variables, and
structural-operational consistency) that allows benchmark quality to be audited rather than
assumed; and (iii) a module-level controlled ablation design that quantifies the individual
contribution of each pipeline component to experimental realism, an analysis that does
not appear systematically in any of the reviewed benchmark generators for EV-STSP or its
closest variants.

2. Materials and Methods

This section presents a reproducible methodology for generating realistic synthetic
instances of the Electric Vehicle Steiner Traveling Salesman Problem (EV-STSP) from a
reference urban network. The main contribution is methodological: a modular pipeline is
introduced that constructs a directed road network enriched with geometric, topographic,
operational, and energy attributes and then transforms it into parameterized instances
ready for experimentation. From an optimization standpoint, the purpose of the pipeline is
to produce benchmark instances whose statistical and physical-operational structure does
not distort the comparative evaluation of algorithms for EV-STSP.

The pipeline is calibrated with real data and validated through three complementary
levels: distributional similarity of key attributes, coherence among physically related
variables, and structural and operational checks on the generated network. In addition, the
process incorporates explicit logging of parameters, random seeds, and metadata in order to
ensure traceability, reproducibility, and fair comparison across experimental configurations.
Figure 1 summarizes the general methodological workflow.
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EV-STSP instance generation pipeline (overview)
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Extraction & calibration
(statistical / ML)
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(controlled structure)
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Charging stations
(coverage-based)

Export & parameterize
EV-STSP instance

Traceability
Logs + metadata + reports

Transversal components: stochastic control (seed) + parameter recording + logs/metadata

Figure 1. Overview of the pipeline for generating EV-STSP instances.

Figure 1 synthesizes the overall sequence of the pipeline, from the selection of the
real reference case and the calibration of attributes to the generation, validation, and
export of EV-STSP instances. This organization makes it possible to clearly distinguish the
stages of structural construction, progressive enrichment, infrastructure incorporation, and
quantitative evaluation. Based on this general view, the section is organized as follows:
the optimization problem that motivates instance generation is first formally defined; the
real reference case and calibration materials are then presented; and the construction,
enrichment, validation, and export stages of the pipeline are subsequently developed.

To clearly delimit the properties that the pipeline must preserve from the outset, it is
first necessary to formally establish the formulation of the optimization problem for which
these instances are intended. The formal definition of the EV-STSP makes it possible to
specify which structural elements (network topology, arc-level energy attributes, required
nodes, and support infrastructure) must be present and internally coherent in an instance
for it to be useful in the experimental evaluation of algorithms.

2.1. Problem Statement

The EV-STSP is a combinatorial optimization problem defined over a directed graph
G = (V, A), where V is the set of nodes representing road intersections and A is the set of
arcs representing oriented road segments. Each arc (i, j) € A carries a vector of physical-
operational attributes: length L;;, gradient g;;, elevation change Ah;;, representative speed
vjj, travel time t;;, and energy consumption E;;. The nodes are classified into four categories:
the depot d, the required nodes R C V \ {d} that must be visited, the battery swap stations
5% C V, and the remaining ordinary nodes.

The objective is to determine a route that departs from the depot, visits all required
nodes, and returns to the depot, simultaneously minimizing four criteria: total distance
traveled (f1), total energy consumption (f2), number of battery swaps performed (f3), and
total route time including swap service times (f4). The solution is represented by three
families of binary variables indexed by position t € T: x;j; (whether arc (i, j) is traversed
at position t), y;; (whether the vehicle occupies node i at position ¢), and ws; (wWhether a
battery swap is performed at station s at position t).

The model is subject to flow and position-uniqueness constraints on the graph, manda-
tory coverage of all required nodes, energy feasibility (the battery charge g; must satisfy
Qmin < g, < QM at all times), and limits on the number and frequency of swaps permit-
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ted per station. This structure combines the topological richness of the Steiner Traveling
Salesman Problem with the energy and infrastructure constraints of electric vehicle rout-
ing, which imposes specific demands on the quality of the benchmark instances used for
experimental evaluation. A complete mathematical formulation of the model is provided
in [11].

2.2. Real Case and Input Materials (Madrid)

The real reference case corresponds to a directed urban road network from Madrid,
enriched with geometric, topographic, and operational information for the study of the
Steiner Traveling Salesman Problem in the context of electric vehicles [11]. This case was
selected because of the public and reproducible availability of three key information layers,
namely, urban network, elevation, and traffic, published by the authors as supplementary
material. To ensure traceability, this work uses version 1.1 of the Zenodo repository, which
includes both the reference data and the energy model employed in the original study [12].

The input materials are organized into three main layers. The first corresponds to
the road layer, represented by a directed urban graph in which nodes model intersections
and arcs represent oriented segments in accordance with traffic direction. The second
corresponds to the topographic layer, which allows elevation to be associated with the
network and, from that basis, the effect of gradient on energy-related magnitudes to be
analyzed. The third is the operational layer, composed of traffic measurements in the
form of hourly snapshots for the months of October and November 2022, used to obtain
representative speeds by segment.

From these inputs, this work constructs an empirical calibration set at the arc level,
from which samples of key variables such as length, gradient, and speed are extracted. In
particular, the traffic measurements are used to characterize the operational behavior of the
network, while the topographic artifacts make it possible to derive and verify relationships
among gradient, elevation, and geometry. In addition, the energy_estimation_full.h5 model,
together with its associated scaler scaler_full.pkl], is integrated as a reference component
inherited from the Madrid case to estimate arc-level energy consumption under a consistent
input scheme. This choice allows the study to examine whether a preexisting energy
model remains coherent when operating on attributes generated by the proposed synthetic
pipeline, an aspect that is explicitly evaluated in the later validation and ablation stages.

Table 2 summarizes the files used and their role within the methodological process.

Based on these materials, the methodology defines a common empirical reference
not only to calibrate the pipeline modules, but also to audit whether the generated in-
stances preserve properties that are relevant to the evaluation of optimization algorithms
in electrified urban networks. The following subsection describes the overall view of the
proposed pipeline and how these inputs are transformed into generation rules, calibration
parameters, and quantitative checks that produce reproducible EV-STSP instances.

In addition to the data artifacts, reproducibility also depends on the execution environ-
ment and on the implementation of the pipeline. The reported campaign was implemented
in Python 3.11.9, using NumPy and Pandas for data handling, NetworkX for graph construc-
tion, SciPy for KDE, distance calculations, and LSQR solving, joblib for loading serialized
artifacts, and tqdm for run monitoring. The ANN energy module is invoked through a pre-
diction wrapper when available; if the predictor is unavailable or returns invalid outputs,
the workflow falls back explicitly to a robust empirical-median baseline and records both
the requested energy mode and the mode ultimately used.
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Table 2. Materials of the Madrid case and their use in this study.

Component File(s) (Zenodo v1.1) Main Content Use in This Work
. Structural source for arc-level
. Directed urban graph . . .
Directed road . . . . attribute extraction, connectivity
madrid_elevation_energy.pckl with the attributes )
network ) reference, and basis of the
required for the study .. L
empirical calibration set
Elevation- Graph with elevation Cross-checking and consistency

enriched network

Madrid_elevation.gpickle

control of the topographic layer

incorporated when needed

Topography and
georeferencing

elev_Madrid.json, coords.csv with the network and

Derivation and validation of
gradients, as well as verification
of coherence among gradient,
elevation, and geometry

Elevation associated

coordinates

Traffic (operation)

Empirical basis for estimating
and validating operational
speeds by segment and their
temporal variability

Traffic data for
snapshots_2022.zip October and
November 2022

Energy model
inherited from the
reference case

energy_estimation_full.h5,

Arc-level energy estimation
using the model inherited from
the reference case, integrated as
a component evaluated within

the pipeline to contrast its
coherence on synthetic data

Keras energy
estimation model

scaler_full.pkl and its scaler

Simulated routes

Auxiliary validation and
simulationOctober.csv, Outputs generated traceability of the simulation

simulationNovember.csv from the snapshots workflow reported in the

supplementary material

2.3. Overview of the Proposed Pipeline

Several paradigms have been proposed for generating benchmark instances for combi-
natorial optimization problems, each responding to a different generation objective. One
influential line adopts evolutionary or diversity-driven search: Bossek and Neumann [21]
used a quality-diversity (QD) approach based on Map-Elites to generate sets of TSP in-
stances whose features differentiate the performance of competing solvers, covering a wide
region of the instance feature space in a single evolutionary run; Marrero [22] developed a
framework based on novelty search (DIGNEA) that produces diverse instances capable of
discriminating among a portfolio of algorithms across several optimization domains. A
second line uses deterministic or structural construction: Liang et al. [23] proposed a proce-
dure that builds small TSP instances with a controlled number of local optima and a known
range of objective values, enabling targeted analysis of algorithm sensitivity to structural
instance properties. While these approaches represent important methodological advances
for algorithm characterization, they share a common scope that differs substantially from
the present work: they operate on abstract combinatorial instances (typically classical TSP
on unconstrained Euclidean point sets) and do not calibrate the instance generator from
empirical measurements of a real urban network. Physical coherence among geometrically
and operationally correlated attributes (arc length, gradient, speed, and energy) is not a
design requirement in these approaches, since the problems addressed do not exhibit this
type of physical dependency. The pipeline proposed here addresses a qualitatively different
generation objective: to produce instances of the EV-STSP (a directed, multi-attribute,
energy-constrained variant of the STSP) whose attribute distributions and physical interre-

https://doi.org/10.3390/mca31040125


https://doi.org/10.3390/mca31040125

Math. Comput. Appl. 2026, 31, 125

8 of 43

lationships reflect those of a real urban road network, so that the resulting benchmarks are
operationally defensible for the comparative evaluation of EV routing algorithms.

The proposed methodology is organized as a modular pipeline for generating syn-
thetic EV-STSP instances from a real reference case. Its structure separates base-network
construction, progressive attribute enrichment, infrastructure incorporation, and quanti-
tative validation, while maintaining explicit dependencies among modules and avoiding
rigid assumptions when the empirical evidence suggests nonlinear behavior.

In a first stage, the pipeline constructs a directed base graph of controlled size, which
acts as the initial topological support for the synthetic instance. On this basis, an initial
spatial geometry is defined through the assignment of coordinates and, when appropriate,
the geometric scale is adjusted to maintain coherence between the spatial representation
and the metric later induced by arc attributes.

Subsequently, the network is enriched sequentially with geometric, topographic,
operational, and energy attributes. First, arc lengths are assigned, fixing the metric scale
of the network. Next, gradients are incorporated and consistent nodal elevations are
reconstructed. Then, arc speeds are assigned to represent operating conditions comparable
to the real reference. Finally, arc-level energy consumption is estimated using the energy
model integrated into the pipeline.

Once the network has been enriched, the pipeline incorporates charging stations
through a coverage criterion defined over the underlying physical network. The resulting
instance is exported in a structured format that integrates the directed network, the charging
infrastructure, and the global configuration of the problem. In parallel, parameters, seeds,
and metadata are logged, and a quantitative validation protocol is applied to compare the
synthetic instance against the real reference case.

Unlike approaches that generate attributes in isolation, the proposed pipeline main-
tains explicit dependencies among modules in order to avoid instances that appear plausible
in marginal variables but are incoherent from a physical or operational perspective. This
property is particularly relevant when the instances are to be used as benchmarks for
comparing optimization algorithms.

2.4. Construction of the Directed Base Graph and Geometric Control

The generation of synthetic instances begins with a directed base graph of controlled
size, conceived as the structural scaffold on which the enrichment modules are later applied.
This graph is built as a directed grid of 7 x ¢ nodes, where each node represents an abstract
intersection and each arc represents an oriented road segment. Throughout this work,
a directed arc is denoted by the ordered pair (u,v), where u is the origin node and v is
the destination node; the arc (1, v) is distinct from (v, ) and implies a one-way traversal
from u to v. The purpose of this stage is to define a stable and parameterizable directed
topology that allows, in a consistent manner, the effects introduced by the later modules of
the pipeline.

To facilitate reproducibility, the construction flow of the base graph is summarized
in Algorithm 1, which integrates directed-grid generation, optional strong-connectivity
control, and initial geometric assignment.

At the structural level, the grid is generated by connecting each node to its immediate
neighbors and assigning directions through a systematic pattern that introduces traffic
directions without turning the network into a fully bidirectional graph. This design pre-
serves geometric regularity and introduces controlled directionality, a desirable condition
for abstractly representing circulation constraints present in real urban networks.

When the experimental design requires it, a strong-connectivity mechanism is acti-
vated to ensure global reachability in the directed graph. In that case, the strongly connected
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components are identified and their representative nodes are connected in a simple cycle,
adding an arc between consecutive representatives whenever it does not already exist. This
mechanism restores global reachability with minimal perturbation of the original density.

Algorithm 1 Generation of the directed base graph and geometric control

Input: rows r, columns c, spatial box B, flags strong (enforce strong connectivity),
autoScale (automatic scale alignment).
Output: directed graph G with node coordinates.
1. Create node set V = {(i, )} and initialize E < @.
2. For each node, add horizontal and vertical arcs according to a periodic directionality
pattern (period 3: horizontal links use i mod 3, vertical links use j mod 3).
3. Form the directed graph G = (V, E).
if strong = true and G is not strongly connected then
4. Connect representatives of strongly connected components with minimal arcs.
end if
5. Assign coordinates (lon, lat) to each node through regular interpolation inside B.
if autoScale = true then
6. Adjust B with a bounded factor to align the scale and reassign coordinates.
end if
7. Return G.

Finally, the base graph is assigned a spatial geometry through coordinates regularly
distributed within a spatial box. Optionally, this geometry is automatically rescaled using
the ratio between the median simulated length and the median geodesic distance induced
by the initial spatial box; the resulting factor is multiplied by bbox_scale and bounded by
the reference bounding box.

The choice of a regular grid as the base topology is a deliberate design decision
that prioritizes reproducibility and controllability of the ablation experiment: since the
topology is fully deterministic as a function of » and ¢, its effect on instance attributes can
be isolated from the variations introduced by the calibration modules. However, this choice
implies limitations that must be explicitly acknowledged. Real urban road networks exhibit
heterogeneous degree distributions, spatial irregularities, and connectivity asymmetries
that are not captured by a uniform grid. In particular, a regular grid overestimates the
topological regularity of real networks, underestimates the presence of dead ends or low-
connectivity branches, and does not reproduce the non-uniform spatial distribution of
intersections in dense urban environments. From the perspective of the EV-STSP, these
differences may affect the distribution of shortest-path lengths between required nodes
and the efficiency of swap station coverage. However, since the arc attributes (length,
gradient, and energy consumption) are calibrated from the Madrid reference network, the
pipeline preserves the distribution of operationally relevant attributes regardless of the
grid topology. Extending the pipeline to topologies based on real networks or stochastically
generated graphs constitutes a natural direction for future work.

2.5. Attribute Enrichment on Arcs and Nodes

Once the directed base graph has been constructed and its initial geometry defined,
the methodology proceeds to the progressive enrichment of attributes on arcs and nodes, to
transform an abstract topology into a synthetic network that is operationally interpretable
and comparable to the real reference case. This stage constitutes the functional core of
the pipeline, as it incorporates the variables that determine the metric, topography, road
operation, and energy consumption of the generated network.

Enrichment is organized sequentially, following physical dependencies among vari-
ables. First, arc lengths are assigned, because they fix the metric scale of the network. Next,
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gradients are incorporated and consistent nodal elevations are reconstructed. Then, arc
speeds are assigned to represent operating conditions comparable to the real reference.
Finally, arc-level energy consumption is estimated by jointly integrating the geometric,
topographic, and operational information relevant to the electric-vehicle context.

To preserve consistency with the Madrid case, each enrichment module is calibrated
using the empirical set described in Section 2.1. Rather than imposing rigid parametric
assumptions, the methodology prioritizes data-driven strategies and minimal plausibility
controls in order to reproduce observed distributions and avoid degenerate or physically
inconsistent configurations.

2.5.1. Generation of Arc Lengths

The first variable incorporated into the synthetic graph is arc length, since it fixes the
metric scale on which gradient, speed, and, ultimately, energy consumption are later inter-
preted. In this methodology, lengths are assigned in a data-driven manner, using as reference
the empirical sample extracted from the real Madrid case described in Section 2.1, with the
objective of reproducing its variability without imposing rigid parametric assumptions.

Let E be the set of arcs of the base graph, with |E| = N. From the collection of lengths
observed in Madrid, expressed in meters, an empirical reference distribution is defined
from which N synthetic values are generated, one for each arc ¢ € E. In practice, the
methodology contemplates two alternative generation mechanisms, selected according to
the experimental design.

The first mechanism consists of empirical quantile-based sampling. In this case, the
quantile function of the real sample is constructed and N quantile levels are selected
with controlled randomness. Each level is transformed into a synthetic length through
interpolation over the observed empirical distribution.

The second mechanism consists of sampling based on nonparametric density esti-
mation by means of KDE [24]. In this case, a smoothed density is fitted over the real
lengths and N samples are generated from that estimate. To maintain metric plausibility,
the generated lengths are restricted through robust quantiles of the empirical support and
a strictly positive lower bound is imposed. In the implementation, the generation support
is bounded by robust quantiles of the empirical sample in order to avoid artificial tails or
values incompatible with the urban scale of the reference.

Regardless of the sampling mechanism used, the result of this stage is the set of arc
lengths {L,} associated with the arcs of the base graph. These lengths establish a network
with an interpretable metric that is statistically consistent with the reference. In the current
implementation, when KDE is used, the real sample is first trimmed between quantiles
0.001 and 0.999, simulated lengths are forced to be strictly positive (minimum 1 m), then
bounded to the empirical interval [40.02,40.95], and 2% of the arcs are reassigned within
[min, g0.02] to preserve plausible short segments without introducing artificial tails.

2.5.2. Generation of Arc Gradients and Topographic Alignment

Once the metric of the network has been defined through arc lengths, the topographic
component is incorporated by assigning a gradient to each arc. This attribute is relevant in
the context of electric vehicles because it influences resistance to motion and, consequently,
energy consumption. The objective of this stage is to generate slopes that are comparable
with the real reference case and, at the same time, compatible with the already established
metric scale.

From the Madrid case described in Section 2.1, an empirical sample of arc gradients is
obtained to serve as the calibration basis. Let g. be the gradient associated with arce € E,
understood as a dimensionless ratio between elevation change and length. The assignment
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of gradients in the synthetic network is performed by introducing a minimal coupling
with arc length, so that the combination (L., g.) produces plausible altimetric variations
and avoids physically unrealistic configurations. This local relationship is summarized in
Equation (1).

Ahe = gL, (1)

where Ahe = hioe — Nfrom . denotes the signed elevation change along arc e, with hgop, .
and hy, . being the elevation at the origin and destination node of arc e, respectively.

As a coherence control, the induced altimetric magnitude is evaluated for each arc and,
whenever it systematically departs from the empirical reference support, the correspond-
ing gradient is corrected through resampling or controlled truncation within plausible
bounds. In the base campaign, gradients were generated with a length-conditioned k-NN
scheme [25], parameterized as follows: k = 50 nearest neighbours in arc-length space,
inverse-distance weighting with exponent power = 1.5, and Gaussian perturbation with
standard deviation jitter = 0.05 (expressed as a fraction of the empirical gradient range)
to prevent exact replication of reference values. Gradients were then aligned by length
deciles to preserve the empirical length-slope dependence; variant V4 replaces this logic
with marginal KDE sampling [24].

2.5.3. Reconstruction of Nodal Elevations from Gradients

Once arc gradients have been assigned, a nodal elevation profile that is consistent with
this topographic information is reconstructed. This step makes it possible to endow the
synthetic network with an interpretable topography at the node level while, at the same
time, preserving internal coherence between arc slopes and the altimetric differences of
their endpoints.

Let G = (V,E) be the directed graph enriched with lengths {L. } and gradients {g.}.
For each arc e = (u,v), the induced altimetric difference is approximated as in Equation (1).
Based on these relationships, nodal elevations {/,} are estimated through a global least-
squares adjustment given by Equation (2):

min 2 [(hy — hy) — gng]z (2)
{hv}vev (u,v)eE

Because this formulation is invariant under global additive translations, a reference
node vy is fixed with h,, = 0, which makes it possible to obtain a unique solution for the
reconstructed elevation profile.

This formulation makes it possible to obtain a globally consistent topography with-
out depending on a single propagation path through the network, which is particularly
important in directed graphs with multiple cycles and alternative routes. In this way,
the procedure reduces the accumulation of local inconsistencies and avoids incompatible
assignments for the same node.

The global least-squares formulation is the appropriate choice precisely for networks
with cycles. Spanning-tree-based propagation approaches assign elevations by following
a single path from a root node, which causes local inconsistencies to accumulate along
each propagation path and produces node elevation estimates that depend on the chosen
spanning tree, which is an undesirable property in a reproducible pipeline. By contrast, the
least-squares adjustment distributes residual errors optimally across all arcs simultaneously,
minimizing the global inconsistency between the assigned gradients and the resulting
elevation differences, regardless of the cyclic structure of the graph. Regarding the impact
of elevation reconstruction errors on downstream energy estimation, the metric |Ap(E, Ah)|
included in the validation protocol (Section 2.7) serves as an empirical proxy: it quantifies
the degree to which the relationship between energy and altimetric change is preserved
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in the synthetic instance relative to the real reference. The consistently low values of
|Ap(E, Ah)| observed across scenarios VO-V6 (reported in Table 6) indicate that elevation
reconstruction errors do not materially distort the energy—elevation relationship in practice.
Formal error bounds on the least-squares residuals are not derived here and are identified
as a direction for future work.

As a final verification, the relationship given in Equation (3) is checked locally on
representative arcs, correcting only systematic deviations when they depart from the
empirical reference support. The result of this stage is a synthetic network with nodal
elevations and arc-level altimetric differences that are mutually compatible and ready for
the incorporation of operational and energy attributes.

h?} - hll

L, ~ e 3)

2.5.4. Assignment of Arc Speeds and Operational Consistency

Once the metric of the network has been defined through arc lengths and topographic
reconstruction has been completed from gradients and nodal elevations, the operational
dimension is incorporated by assigning a speed to each arc. This attribute is relevant
because it represents the circulation regime of the network and constitutes a necessary
input for estimating energy consumption.

From the operational information available for Madrid, particularly the hourly traffic
snapshots, an empirical sample of segment speeds is obtained together with its temporal
variability. Let v, be the speed associated with arc e € E. Synthetic generation assigns
to each arc a representative speed through a data-driven scheme calibrated from that
empirical sample.

In the experimental campaign reported in this manuscript, the assignment of speeds
remained in empirical mode in all ablation scenarios. Consequently, speed acted as a
controlled component of the pipeline and not as a discriminating dimension in the com-
parison among variants. Nevertheless, its incorporation remains necessary within the
methodological workflow.

As an operational-consistency control, it is verified that the assigned speeds produce
arc travel times that are compatible with the support observed in the real case. In particular,
for each arc the travel time is defined as in Equation (4).

L
te = —
Oe

(4)

The resulting values are then checked to ensure that they remain within an inter-
pretable regime for segment length and the reference urban conditions.

Accordingly, within the experimental batch reported here, speed is interpreted as
a control variable and not as an ablated factor, which makes it possible to attribute the
observed differences more clearly to the geometric, topographic, and energy modules.

2.5.5. Arc-Level Energy Consumption Estimation Through the Model Integrated into
the Pipeline

With the synthetic network already enriched in its geometric, topographic, and opera-
tional components, the next step consists of estimating arc-level energy consumption. This
stage is especially relevant in the context of electric vehicles because it transforms physical
and operational network attributes into a magnitude directly related to route feasibility
under battery constraints. In the proposed methodology, energy estimation is implemented,
in its reference variant, through the model energy_estimation_full.h5 inherited from
the Madrid case.
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The incorporation of this model makes it possible to examine whether a preexisting
energy estimator remains coherent when operating on attributes generated by the synthetic
pipeline. Consequently, within this work the energy module is not assumed to be valid
by construction, but rather treated as a component integrated into the methodological
workflow whose consistency is evaluated later through the validation protocol and the
ablation design.

In the reported implementation, energy estimation supports three modes: ann, linear,
and median. In ann mode, the script delegates prediction to a wrapper of the inherited
neural network. This routine receives as inputs the origin and destination nodes of the arc,
the temporal context of the estimation, and the graph enriched with nodal attributes such
as position, elevation, speed, and road type. In the main campaign, this context was fixed
with workingday = 1, weekday = Tuesday, and hour = 12. In the linear baseline, arc
energy is approximated by Equation (5). This formulation is a piecewise linear regression
that explicitly separates the contribution of uphill segments (Ah, > 0, positive elevation
gain) from downhill segments (Ah, < 0, negative elevation gain), since their physical
effect on energy consumption is asymmetric: climbing increases traction demand whereas
descending may partially recover energy through regenerative braking. The two max(0, -)
terms act as hinge functions that assign independent coefficients to each regime, which
distinguishes this model from a standard ordinary least squares regression over a single
elevation-change predictor.

E. = Bo + B1Le + B2 max(0, Ahe) + B3 max(0, —Ahe) + e, ()

When energy_mode = linear is selected, the coefficients § are fitted by least squares
on the real case using an intercept, length, and elevation gains/losses; when energy_mode
= median is selected, each arc receives the empirical median energy. If the ANN predictor is
unavailable or returns invalid values, the workflow explicitly degrades to the median base-
line and records in metadata both the requested energy mode and the one ultimately used.
In the reported scenarios, VO-V6 operate with energy_mode_used = ann, V7 with linear,
and V8 with median. As a minimal consistency control, all predictions are contrasted
against the observed empirical support and preserved in logs for later analysis.

2.6. Placement of Charging Stations Through Coverage over the Network

Once the synthetic network has been enriched with geometric, topographic, opera-
tional, and energy attributes, the methodology incorporates charging infrastructure by
selecting a subset of nodes as stations. This stage seeks to ensure spatial accessibility to the
infrastructure within the generated network.

Station placement is formulated as a coverage problem over the underlying physical
network, parameterized by a radius Rcover, Which represents the maximum acceptable
distance between a node and its nearest charging station. Although the final instance is
directed, coverage is evaluated on an undirected representation of the network, because at
this stage the goal is to model accessibility to the infrastructure.

Let G, = (V, Ey) be the undirected physical network, weighted by length, and let
d(u,v) be the shortest-path distance between nodes u and v on G,. For each candidate
node s € V, its coverage set is defined as in Equation (6).

C(s) ={v e V:d(s,v) < Reover} (6)
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The objective is to select a set of stations S C V such that every node v € V is covered
by at least one station, that is,

max mind(v,s) < Reover )
veV seSs
To construct this solution, the methodology adopts a greedy coverage strategy [26].
At each iteration, the node that covers the largest number of still-uncovered nodes within
radius Reover is selected as a station, and the process is repeated until full network coverage
is reached. In the current implementation, the code does not impose an additional lexico-
graphic tie-break, so ties are resolved according to the iteration order of the candidate-node
container; because this behavior was not used as an experimental factor, coverage is inter-
preted here as a feasible benchmark construction rather than as an exact solution of the
coverage problem. The result of this stage is a set of nodes labeled as charging stations,
together with the value of the coverage radius employed.

2.7. Instance Export and EV-STSP Parameterization

Once the enriched network and the charging infrastructure have been defined, the
next step consists of materializing an experimental instance in a structured format that can
be directly used by optimization algorithms. This stage transforms the generated network
into a set of files that integrates structure, operational attributes, charging infrastructure,
and global problem parameters.

Export is performed at two complementary levels. At a first level, the pipeline stores a
direct representation of the generated network in a run-specific folder identified by a vari-
ant label and a unique execution identifier. This output records a main file containing the
directed network arcs, a file listing the nodes selected as charging stations, and a metadata
file in JSON format that documents the instance generation configuration. This organi-
zation makes it possible to isolate each execution experimentally and avoid overwriting
across runs.

The main file of the directed network contains, for each arc (u,v), the attributes
required for later analysis, including length, elevation at the origin node, elevation at the
destination node, gradient, speed, and estimated energy. Complementarily, the station
file stores the subset of nodes labeled as charging points. Taken together, these artifacts
constitute the immediate output of the pipeline before its transformation into the final
problem instance.

At a second level, the pipeline processes this intermediate output to construct a
structured EV-STSP instance under a full battery-swapping scheme. This transformation
generates the files evstsp_swap_edges.csv, evstsp_swap_nodes.csv, evstsp_swa
p_stations.csv, evstsp_swap_config.csv, and evstsp_swap_README. txt. In this
processed version, the directed network preserves the basic arc attributes and adds derived
quantities useful for experimentation, particularly travel time and estimated power by arc.
In particular, arc travel time is calculated according to Equation (8).

L

te = (8)

Ue
The exported parameterization explicitly distinguishes among ordinary nodes, re-
quired nodes, station nodes, and the depot node. To this end, the node file incorporates
binary indicators that make it possible to identify whether a node belongs to the charging
infrastructure, whether it is part of the subset of required nodes, and whether it acts as the
depot. In this way, the final instance is ready to represent an experimental EV-STSP variant
in which not all nodes of the network must necessarily be visited.
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Battery-swapping infrastructure is also exported explicitly. For each station node,
operational parameters such as swap time, available pack inventory, and the energy associ-
ated with each pack are recorded. At the global level, the configuration file incorporates
total battery capacity, initial state of charge, minimum allowed level, swapping mode,
maximum number of swaps, the speed limit considered, and the identifier of the depot. In
methodological terms, this stage provides a structured and reusable representation of the
generated instance, integrating the network, infrastructure, and global problem parameters
in a format usable directly by optimization algorithms. The aspects associated with detailed
logging of configuration, metadata, and validation results are described in Section 2.8. This
structured representation turns the output of the pipeline into a reusable experimental
benchmark, allowing different optimization algorithms to operate on the same instance
with explicit traceability of the network, infrastructure, and global parameters.

2.8. Metrics and Validation Protocol for Realism

Quantitative validation compares each synthetic instance against the real reference
at three complementary levels: distributional similarity of marginal attributes, coherence
among physically related variables, and structural and operational checks on the generated
network. This protocol makes it possible to evaluate not only whether the magnitudes
produced by the pipeline remain within plausible ranges, but also whether they preserve
relationships compatible with physically interpretable behavior in the EV-STSP context.

The first validation level examines the distributional similarity of key variables at the
arc level. The second evaluates dependencies among variables and physically relevant
relationships, particularly those associated with energy. The third incorporates structural
and operational checks aimed at confirming that the enriched network is usable as an ex-
perimental instance, without introducing geometric, topological, or infrastructural artifacts.

2.8.1. Distributional Similarity of Marginal Attributes

The first validation level quantifies whether the synthetic network reproduces, at the
arc level, the distributional structure observed in the real case for key variables. In this
campaign, marginal analysis focuses on length (L), gradient (g), and energy (E), since
these quantities summarize the geometry, topography, and energy cost that condition EV-
STSP feasibility. Although the general protocol also contemplates speed (v), this variable
was kept fixed across scenarios in the current campaign and therefore was not used as a
discriminating dimension of the reported ablation.

Let X be a variable measured by arc, and let XR and X® be the empirical samples
corresponding to the real case and to a synthetic instance. The comparison relies on three
families of complementary indicators. First, robust statistics and a quantile-based relative
-discrepancy indicator are reported. Second, the first-order Wasserstein distance (W1) [27]
is employed together with a normalized version given by Equation (9), where IQR(XR)
denotes the interquartile range of the real sample, defined as the difference between its
75th and 25th percentiles and used here as a robust measure of dispersion to make the
normalized distance scale-invariant.

W1
WIN = TQR(XF) )

Third, to capture informational differences in specific regions of the support, the
Jensen-Shannon distance (JSD) [28] is calculated on normalized histograms with a common
discretization scheme. In the implementation, histogram edges are constructed on the
concatenation of real and synthetic samples using 50 bins, which ensures that comparison
is performed on a common support for each variable.
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Figure 2 illustrates this first validation level for the baseline scenario VO, showing the
marginal distributions of arc length, arc gradient, and arc-level energy consumption for
the real Madrid reference network and the synthetic instance. The visual alignment of the
distributions across all three variables illustrates the calibration effectiveness of the pipeline
and the role of the distributional validation metrics in quantifying residual discrepancies.

Distributional comparison: Madrid reference vs. VO baseline instance

Arc length Arc gradient Arc energy
Madrid (real) 15.0 - W Madrid (real) 0.005 Madrid (real)
0.008 VO (synthetic) W VO (synthetic) VO (synthetic)
12.5 0.004
> 0.006 1 210.0 2
B £ % 0.0034
£ 8 751 g
A 0.004 A a A 0.002 1
5.0
0.002 A 4
25 0.001
0.000 - 0.0- 0.000 T T T
0 250 500 750 1000 -0.10 -0.05 0.00 0.05 0.10 0 2500 5000 7500
Length (m) Gradient (dimensionless) Energy (Wh)

Figure 2. Marginal distributions of arc-level attributes for the real reference and the V0 synthetic
instance. Blue: Madrid (real); red: VO (synthetic); purple: overlap region where both distributions co-
incide. Overlapping areas indicate distributional agreement and do not affect scientific interpretation.

The alignment observed in Figure 2 confirms that the baseline pipeline reproduces
the marginal distributional structure of the reference for the three variables central to
EV-STSP feasibility. However, marginal similarity is a necessary but not sufficient condi-
tion for benchmark realism: an instance may exhibit acceptable individual distributions
while losing the physical relationships that link energy to arc geometry and topography.
The following subsection therefore extends the validation to a second level, examining
whether the calibrated pipeline also preserves the multivariate dependencies observed in
the reference network.

2.8.2. Dependencies Among Variables and Physical Coherence

The second validation level examines whether, in addition to reproducing plausible
marginal distributions, the synthetic instances preserve essential multivariate relationships
among attributes. This check is especially relevant in EV-STSP, where energy is a derived
variable strongly coupled to the geometry, topography, and operation of the network.

The analysis focuses on global associations between energy and basic physical at-
tributes at the arc level. In particular, Pearson linear correlations are quantified between
energy and length, p(E, L), between energy and gradient, p(E, g), and between energy and
altimetric change, p(E, Ah). Complementarily, p(E, L - ) is also considered as a proxy for
the joint contribution of length and gradient.

These correlations are calculated both for the real set and for each synthetic instance.
Similarity is quantified through the absolute difference between coefficients, formally
defined in Equation (10) for any physical attribute X € {L, g, Ah}:

Ap(E,X) = |0°(E,X) — pR(E,X)|, X e{L, g, Ah} (10)

where pR and p° denote the Pearson linear correlation computed on the real and syn-
thetic samples, respectively. Lower values of Ap(E, X) indicate that the synthetic instance
preserves the multivariate energy structure of the reference network.
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As a robustness check against the linearity assumption implicit in Pearson correlation,
rank-based analogues are also computed using the Spearman rank correlation s and the
Kendall rank correlation :

Mps(E, X) = [r2(E,X) —r{(E,X)|,  Bpk(E,X) = |T°(E, X) —(E,X)|  (11)

These measures do not assume a linear energy-attribute relationship and therefore
provide complementary evidence of whether the dependency structure is preserved inde-
pendently of the assumed association model. The results of this rank-based validation are
reported in Table A5 of Appendix A.3.

2.8.3. Structural Checks and Operational Consistency

In addition to distributional similarity and multivariate coherence, the methodology
incorporates a set of structural and operational checks intended to verify that the resulting
synthetic network is usable as an EV-STSP instance and does not exhibit artifacts that
distort feasibility or experimental interpretation.

First, consistency of scale between the spatial representation and the metric induced
by generated lengths is evaluated by reporting a geometric scale ratio. Second, charging-
infrastructure coverage is verified from a worst-case perspective by calculating the min-
imum distance from each node to its nearest station and recording the maximum node-
station minimum distance. Third, a global topographic control is incorporated based on the
proportion of arcs with positive gradient in the synthetic instance and in the real reference.

Taken together, these checks provide baseline guarantees of geometric, operational,
and infrastructural consistency before the analysis stage. Under this protocol, an instance
is considered methodologically useful as a benchmark only when it combines reasonable
marginal similarity, coherence among physically related variables, and sufficient structural
consistency for experimentation.

To complement the statistical validation protocol with metrics that explicitly connect
instance attributes to the operational constraints of the EV-STSD, the following problem-
oriented characterization metrics are introduced. The relationship between the distance
between nodes and the time required to replenish the battery has been identified in the
literature as a critical dimension for the evaluation of realistic instances [7,14,15].

The energy—length correlation discrepancy Ap(E, L) quantifies the absolute difference
between the Pearson correlation of energy and arc length in the reference network and in
the synthetic instance. This metric directly captures the coherence between the distance
traveled and the resulting energy consumption (and therefore the implied recharge time)
that the traversal imposes on the vehicle. A low value of Ap(E,L) indicates that the
generated instances preserve the fundamental physical relationship that determines route
feasibility in the EV-STSP.

The Charge-to-Travel Time Ratio (CTR) is defined for each arc (i,]) as the quotient
between its implied recharge time (E,»j / Q%) - 7% and its travel time tij = Lij/vij. Ahigh
CTR on an arc indicates that the energy consumed on that segment represents a relevant
fraction of the time required for a battery swap, thereby characterizing the energetic
pressure that the segment exerts on route management. This metric is reported at the
instance level as the median CTR across all arcs, and is directly computable from the
arc-level attributes exported by the pipeline.

The maximum distance to the nearest swap station dmax is calculated as the maximum
geodesic distance from any node in the network to its nearest swap station. This met-
ric evaluates whether the coverage of the energy support infrastructure is operationally
compatible with the vehicle’s effective range, a necessary condition for the instances to be
feasible in the EV-STSP.
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The calculated values of Ap(E, L) and dmax are reported in Section 3 for the baseline
scenario Vp and for each ablation scenario, enabling assessment of how pipeline design
decisions affect the operational relevance of the generated instances for EV-STSP experimen-
tation. The CTR metric is defined here as part of the benchmark characterization framework
and is directly computable from the arc-level attributes exported by the pipeline.

It is important to distinguish between validation at the benchmark generation level,
which is the scope of the present framework, and constraint-level validation, which would
require executing an optimization solver on each generated instance. Route-level feasi-
bility properties, such as the existence of routes without battery violations under swap
station constraints, depend on combinatorial decisions that are not determined until the
instance is passed to an optimization algorithm. Following the convention established
in Uchoa et al. [18] for classical VRP benchmark generation, the role of a generation-level
validation protocol is to provide auditable evidence that instance attributes are internally
consistent and calibrated to a real operational context; the verification that feasible routes
exist under a specific solver constitutes a usage-phase responsibility. The metrics Ap(E, L),
CTR, and dmax introduced in this section serve as necessary conditions for operational
plausibility: a high Ap(E, L) indicates that the energy-distance relationship is disrupted
in the synthetic instance, undermining the physical basis for route feasibility analysis; a
high median CTR signals energetically demanding arcs likely to produce battery violations
under any routing strategy; and a high dmax indicates that swap station coverage may be in-
sufficient for any feasible route to exist. These metrics do not guarantee that feasible routes
exist, but they allow the researcher to identify instances that are structurally unsuitable for
EV-STSP experimentation before committing computational resources to solver execution.

2.9. Traceability and Reproducibility

Because the proposed methodology integrates multiple modules of generation, en-
richment, validation, and export, reproducibility of the pipeline depends not only on
describing its general sequence, but also on systematically recording the parameters and re-
sults associated with each execution. For this reason, the workflow incorporates an explicit
traceability scheme based on unique run identifiers, isolated output folders, metadata files,
and cumulative validation logs.

Each pipeline execution is associated with a run identifier constructed from the experi-
mental configuration, including network size, seed, ablation variant, and main generation
parameters. This identifier is used to create a specific folder within the output directory so
that each instance is stored in isolation and overwriting across experiments is avoided. In
parallel, the pipeline maintains a centralized directory of logs shared across runs, which
makes it possible to register aggregated results in cumulative files without losing the
separation among individual instances.

Traceability is implemented at two complementary levels. At the local run level, the
script generates the metadata file grafo_simulado_metadata. json, together with the CSV
of simulated arcs and the stations.csv file of the intermediate output. At the global
experimentation level, the pipeline updates cumulatively the files validaciones_estad
isticas.csv, experimento_log.csv, and experimento_realismo.csv, from which the
summaries summary_median_iqr_by_variant.csv, stats_kruskal_wallis.csv, and
stats_pairwise_mwu_holm.csv used in the manuscript analysis were derived.

Overall, this traceability mechanism turns each run into an auditable experimental
unit in which the generated instance, its configuration, its summary metrics, and its
derived files can be recovered consistently for comparison across variants, experiment
replication, and later analysis. In particular, each run_id makes it possible to link the
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intermediate simulated-network output to the processed EV-STSP instance and to the
aggregated statistical records used in the discussion.

The computational complexity of the pipeline is dominated by two modules: the
gradient assignment via length-conditioned k-NN, with cost O(m - |R|) where m is the
number of arcs in the instance and |R]| is the size of the reference arc set; and the global
least-squares elevation reconstruction, solved as a sparse linear system of dimension pro-
portional to n (the number of nodes) using the LSQR solver implemented in SciPy. The
remaining modules are linear in m: arc length generation via KDE, speed assignment, and
energy consumption estimation. Battery swap station placement via greedy set cover has
cost O(n - |S|). The instances in the present study have dimension r x ¢ = 25 x 25 nodes,
with generation times of the order of seconds per instance on single-core hardware. For
larger-scale configurations, the k-NN module admits acceleration via spatial indexing struc-
tures such as KD-trees, which reduce the per-query search cost from O(|R|) to O(log|R|)
without modifying the remaining modules. The independence among instances in the
ablation design makes horizontal scaling via parallelization of replicates straightforward
and requires no architectural modifications to the pipeline.

2.10. Pipeline Ablation Design

In order to isolate the contribution of the main pipeline components and avoid am-
biguous attributions, a module-wise ablation design was defined. This design keeps the
base topology, instance size, and global problem parameters constant while modifying
one component per variant in a controlled manner. The objective of this ablation is not to
evaluate the performance of solution algorithms, but rather to analyze how the statistical
realism and physical-operational coherence of the instances change when a specific module
of the methodology is disabled or replaced.

The reference variant, denoted V0, corresponds to the complete pipeline. On this basis,
ablation variants are constructed that intervene on a single component of the workflow.
Table 3 summarizes the variants considered and the main change introduced with respect
to the baseline.

Table 3. Variants of the pipeline ablation design.

Variant Intervened Module Change with Respect to the Baseline
Vo Complete pipeline Reference configuration without ablation
V1 Directed structure Deactivation of strong-connectivity control
V2 Spatial geometry Deactivation of automatic scale alignment
V3 Length generation Replacement of the base length-sampling mechanism
V4 Gradient generation Replacement of the conditioned scheme by a marginal generation mechanism
V5 Topographic alignment Deactivation of slope-length adjustment
V6 Operational dimension  Reserved speed scenario, without effective perturbation in this campaign
V7 Energy module Replacement by a physically interpretable linear baseline
V8 Energy module Replacement by a constant assignment based on the median

From this organization, the variants can be grouped into four main families. First, V1
and V2 evaluate structural and geometric robustness. Second, V3 examines the effect of the
length-generation mechanism. Third, V4 and V5 focus on topography. Finally, V6, V7, and
V8 are oriented toward the operational and energy dimensions. Variant V6 is retained as
a reserved scenario within the experimental design. However, in the current campaign it
does not introduce an effective operational perturbation and therefore does not generate
direct quantitative contrast.

To guarantee comparability across variants, all runs share the same values of network
size, station coverage radius, target number of required nodes, and instance-export conven-
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tions. In addition, each scenario is executed under a stochastic replication scheme with R = 31
independent replicates, varying only the seed while keeping all other parameters constant.

3. Results

This section reports the results of the pipeline ablation campaign and organizes their
interpretation at two complementary levels: first, a global view of the realism achieved by
the different scenarios; and second, a disaggregated analysis by indicator family, allow-
ing the modules that most clearly affect geometry, topography, energy, and operational
consistency to be identified.

Before presenting the numerical outcomes of the ablation campaign, a methodological
clarification regarding comparison with prior benchmark generators is necessary. The
realism metrics used in this study (W1N, JSD, and Ap) are defined relative to the real Madrid
reference case used for calibration. Because the benchmark generators reviewed in the
Introduction (Schneider et al. [4], Hiermann et al. [13], Montoya et al. [14], Froger et al. [15],
and Uchoa et al. [18]) were not calibrated against a real urban distribution, these metrics
are not defined for their instances and direct numerical comparison is not methodologically
meaningful. This is not a limitation of the present study; rather, it reflects the absence
of formal distributional validation in prior works, which is precisely the methodological
gap this contribution addresses. What can be compared across studies is the structural
characterization of the generated instances (network size, energy model used, real-data
source, and validation reported), as summarized in Table 4. The table shows that the
primary distinction of the proposed benchmark lies not in instance size, which falls within
the range of prior works, but in the combination of real-data distributional calibration and
explicit multi-level validation.

Table 4. Structural characterization of EV-routing benchmark sets.

Instance Energy Real-Data Validation
Study Problem Size Model Source Metrics
Schneider et al. [4] E-VRPTW 5-25 customers None None (Solomon) None
Hiermann et al. [13] E-VRPTW (het.) 25-100 customers Constant None None
Montoya et al. [14] E-VRPTW (nonlin.)  10-100 customers Linear dist. None None
Froger et al. [15] EVRP 10-100 customers Linear dist. None None
Uchoa et al. [18] CVRP 100-1000 customers N/A None None
Rodriguez-Pereira et al. [19] STSP up to 500 vertices N/A Literature instances None
WIN, JSD
. 625 nodes ANN (speed, Real urban ! !
This study EV-STSP (40 req.) grad. load)  network (Madrid) AAF:)((%;))’

3.1. Experimental Configuration for the Ablation Analysis

This section describes the experimental configuration used to evaluate how the main
pipeline components influence the realism of the generated EV-STSP instances. To this
end, a module-wise ablation design is combined with a replication protocol that explic-
itly controls randomness and contextual factors, so that the differences observed among
configurations can be attributed clearly to the modified component.

The evaluation considers a base configuration (V0) and a set of ablation variants
(V1-V8) that selectively deactivate or replace one pipeline module at a time. All scenarios
are executed under a common set of controlled parameters, guaranteeing fair compar-
isons and allowing the observed effects to be interpreted as systematic consequences of
the modification introduced. In addition, each scenario is replicated through multiple
independent runs varying only the random seed, in order to characterize the generator’s
inherent variability and avoid conclusions based on a single realization.

https://doi.org/10.3390/mca31040125


https://doi.org/10.3390/mca31040125

Math. Comput. Appl. 2026, 31, 125

21 0f 43

The following subsections present, first, the ablation scenarios and the controlled
parameters (Section 3.1.1), then the replication and stochastic control protocol (Section 3.1.2),
and finally the statistical analysis scheme used to compare scenarios (Section 3.1.3).

3.1.1. Ablation Scenarios (V0-V8) and Controlled Parameters

Following the design described in Section 2.9, this study employs a module-wise
ablation scheme to isolate the contribution of the main components of the synthetic-instance
generation pipeline. Scenarios VO-V8 keep the remainder of the configuration constant
and modify, deactivate, or replace a single workflow component, so that the observed
differences can be attributed to the targeted module rather than to uncontrolled interactions.

The baseline scenario V0 represents the complete pipeline configuration used as the
comparison anchor. In this campaign, VO operates with 1en_mode = kde, grad_mode =
knn, grad_align = by_len_decile, auto_bbox = 1, enforce_SCCl1 = 1, speed_mode =
empirical, and energy_mode_used = ann. This configuration integrates directed base-
graph construction with structural control when applicable, geometric scale alignment,
length generation, topographic enrichment with coupling between length and gradient,
operational speed assignment in empirical mode, energy estimation through the main
pipeline model, and charging-station placement under the coverage criterion.

Variants V1 and V2 evaluate structural and geometric sensitivity by deactivating, re-
spectively, strong-connectivity control and automatic scale alignment. Variant V3 modifies
the length-generation mechanism, allowing the effect of geometric sampling on the metric
structure of the network to be examined. Variants V4 and V5 focus on topography: V4 re-
places the conditioned gradient scheme with marginal generation, whereas V5 deactivates
slope-length alignment while preserving the rest of the topographic module.

Variant V6 was defined as an operational scenario to evaluate sensitivity to the speed-
assignment mode. However, in the campaign reported in this work speed was kept as a
controlled component and no effective operational perturbation was introduced across
variants. Accordingly, V6 is retained as a reserved scenario within the ablation design and
is interpreted here only as a methodological control of the operational dimension, not as a
direct quantitative contrast in this experimental batch.

The energy variants are concentrated in V7 and V8. In V7, energy estimation is
replaced by a physically interpretable linear baseline. In V8, energy is replaced by a
constant assignment based on the median, acting as a negative control to verify whether the
metrics detect loss of variability and energy structure. These variants make it possible to
explicitly evaluate pipeline sensitivity to alternative energy formulations within the same
generation and export workflow.

To ensure a fair and interpretable comparison, all scenarios share the same con-
trolled campaign parameters: a 25 x 25 grid, speed_mode = empirical, cover_radius
= 3000 m, required_nodes_target = 40, energy_time_mode = fixed with workingday
= 1, weekday = Tuesday, and hour = 12, in addition to the same export conventions. The
only systematic differences among scenarios come from the ablated module. Each scenario
is executed with R = 31 independent replicates varying only the random seed, and the
results are reported as median [IQR], where the IQR (interquartile range) is defined as
Q3 — Q;—the difference between the 75th and 25th percentiles of the distribution—and is
used throughout as a robust measure of statistical dispersion insensitive to outliers.

3.1.2. Replication Protocol and Stochastic Controls

To ensure that the observed differences among scenarios VO-V8 are due to the ablated
component rather than to accidental fluctuations, a replication protocol consistent with the
probabilistic nature of the pipeline was adopted. In practice, each scenario is executed over
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a set of replicates in which the only deliberate source of variation is the random seed, while
the remaining experimental conditions are kept constant.

In particular, a set of base parameters was fixed and kept invariant throughout the
comparative executions. These include grid size, charging-infrastructure coverage radius,
target number of required nodes, and instance-export conventions. Likewise, when the
effect of a specific module is analyzed, all parameters unrelated to that ablation are kept
identical, avoiding interpretive confounding caused by simultaneous changes.

In addition, the temporal context of the energy component was explicitly controlled.
Because energy estimation may depend on contextual variables, such as working-day
indicator, weekday, and hour, these values were uniformly fixed at workingday = 1,
weekday = Tuesday, and hour = 12 for all comparative executions. This prevents differ-
ences in temporal context from contaminating the realism and coherence metrics, particularly
in the scenarios where energy is estimated by the integrated model or by energy baselines.

Finally, each run is recorded with a unique identifier associated with its scenario and
configuration, together with the parameters used and the metrics obtained. This registry
allows the generation conditions of each instance to be reconstructed exactly and supports
the later presentation of aggregated results by scenario. It also reduces the risk of attributing
to randomness effects that in fact arise from the module being modified.

3.1.3. Stochastic Replication Protocol and Statistical Analysis

Given the stochastic nature of the pipeline, comparison among scenarios was not
based on a single realization per variant, but on empirical distributions obtained from
R = 31 independent replicates generated for each scenario. This design made it possible to
analyze not only the central behavior of each configuration, but also its internal variability,
providing a more robust basis for interpreting the effect of each ablation on instance realism.
The choice of nonparametric tests responds to the fact that the analyzed metrics may exhibit
asymmetry, heavy tails, or degenerate behavior in certain variants, as occurs in scenarios
with constant energy.

For each run, the response variables recorded were the indicators defined in Section 2.7,
including distributional-similarity metrics for marginal attributes, energy-coherence indi-
cators based on correlation discrepancies, and structural and operational checks. Subse-
quently, for each scenario, metrics were summarized by median and interquartile range,
an appropriate choice under potentially asymmetric distributions and in the presence of
extreme values or sharply contrasting scenarios. In cases where a metric could not be
defined by construction, as occurs for some correlations when energy is constant in V8, the
values were recorded as NA and excluded from the corresponding statistical contrast for
that specific metric.

Global comparison among scenarios was performed using nonparametric tests. For
each metric m, a Kruskal-Wallis test was first applied to the scenario set {V0, ..., V8}, eval-
uating the null hypothesis of equality of distributions at the rank level. When the global
contrast indicated differences, the analysis was complemented with pairwise comparisons
using the two-sided Mann-Whitney U test. To control the error induced by multiple com-
parisons, the p-values of the pairwise comparisons were adjusted using Holm’s procedure,
applied independently for each metric. The rank-based effect size is summarized by the
biserial coefficient in Equation (12).

2U
= -1 —-1,1 12
Ty N1y € [ ’ ] ( )

In addition to statistical significance, each pairwise comparison reported a rank-based
effect size calculated from the Mann—-Whitney U statistic. This indicator makes it possible
to interpret the practical magnitude of the difference beyond the p-value: values close
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to &1 indicate strong separation between distributions, whereas values near 0 suggest
extensive overlap.

Taken together, this statistical protocol provides three levels of support for result
interpretation: explicit characterization of the variability induced by the seed, a robust
summary of each scenario’s behavior through median [IQR], and inferential evidence
derived from nonparametric contrasts and effect sizes. The complete results are reported
in Appendix A.5. In particular, the Kruskal-Wallis tests confirmed global differences in
the central metrics of length (WIN-L: H = 82.54, p = 1.51 x 10~14), gradient (WIN-g:
H = 14128, p = 1.28 x 1072%), energy (WIN-E: H = 248.00, p = 4.57 x 10~%°), and station
accessibility (worst_station_dist_m: H = 86.46, p = 2.43 X 10~15), whereas geom_ratio
showed no systematic differences among scenarios (H = 6.26, p = 0.618).

3.2. Global Evaluation of Realism Across the Ablation Scenarios

This section provides an integrated reading of the realism achieved by scenarios V0-V8
before the disaggregated analysis by indicator families. The objective is to identify, in an
initial comparative view, which variants concentrate the most relevant improvements or
degradations of the pipeline and in which dimension of realism they manifest themselves.

3.2.1. Aggregated Realism Indicators and Comparative Synthesis

This subsection summarizes the aggregated realism indicators obtained for scenarios
V0-V8, calculated uniformly from the protocol defined in Section 2.7. In this campaign,
R = 31 independent replicates were generated per scenario by varying only the seed, so the
results are reported as median [IQR]. To maintain editorial clarity in the body of the article,
Table 5 presents a central set of indicators covering geometric and topographic marginal
realism, energy marginal realism, main energy coherence, and operational charging consis-
tency. Secondary coherence discrepancies and the global geometric check are reported in
Appendix A.1 and cited when needed for specific interpretation.

In global terms, Table 5 reveals three dominant foci of sensitivity. The first corresponds
to the geometric dimension, where V3 introduces the most pronounced improvement
of the study. In this variant, WIN-L decreases from 0.199 [0.013] in VO to 0.009 [0.000],
whereas JSD-L moves from 0.133 [0.005] to 0.029 [0.000]. This pattern indicates that the
length-generation mechanism is the main determinant of marginal geometric realism in the
current campaign.

The second focus corresponds to the topographic dimension, where V5 concentrates
the dominant degradation. When slope-length alignment is deactivated, W1N-g increases
from 0.013 [0.002] in VO to 0.628 [0.001], and JSD-g from 0.030 [0.003] to 0.412 [0.000]. This
result confirms that topographic alignment does not act as an accessory adjustment, but as
a structural component for preserving the distributional shape of the gradient.

The third focus is concentrated in the energy dimension. In the block with ANN-
estimated energy (V0-V6), the indicators show large and relatively stable discrepancies
across variants. In contrast, V7 drastically reduces marginal energy discrepancy and
restores the main energy-length coherence, with WIN-E = 0.199 [0.013], JSD-E = 0.133
[0.005], and Ap(E,L) = 0.000 [0.000]. For its part, V8 acts as a negative control, showing
loss of energy variability with WIN-E = 0.813 [0.000] and JSD-E = 0.316 [0.000]. Taken
together, these two variants clearly delimit pipeline sensitivity to the formulation of the
energy module.

Compared with these changes, station accessibility remains relatively stable in most
scenarios, with Stat. dist. (m) values close to 981.8 [121.0], except for visible increases in
V1 and V3. Accordingly, the aggregated reading of Table 5 identifies three robust patterns of
the ablation study: V3 as the main geometric improvement, V5 as the dominant topographic
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degradation, and V7-V8 as the variants with the greatest impact on energy realism and
coherence. The following subsection complements this synthesis through a multivariate
visual representation. These aggregated patterns are later complemented by the inferential
contrast of the central metrics, which makes it possible to distinguish minor variations
from robust shifts across scenarios.

Table 5. Core aggregated realism indicators by scenario (V0-V8), R = 31 replicates.

Scen. WIN-L JSD-L WIN-g JSD-g WIN-E JSD-E Ap(E,L) Sta(tr'nc)hs‘t'
Vo 0.199 0.133 0.013 0.030 544.589 0.833 0.977 981.8
[0.013] [0.005] [0.002] [0.003] [1.916] [0.000] [0.028] [121.0]
vi 0.201 0.132 0.013 0.030 544.957 0.833 0.987 1254.8
[0.012] [0.005] [0.003] [0.001] [2.126] [0.000] [0.036] [107.9]
V2 0.199 0.133 0.013 0.030 655.984 0.833 1.003 981.8
[0.013] [0.005] [0.002] [0.003] [1.998] [0.000] [0.036] [121.0]
v 0.009 0.029 0.008 0.030 535.598 0.833 0.961 1045.7
[0.000] [0.000] [0.000] [0.000] [7.950] [0.000] [0.067] [130.1]
va 0.199 0.133 0.013 0.030 544.915 0.833 0.981 981.8
[0.013] [0.005] [0.002] [0.003] [2.551] [0.000] [0.030] [121.0]
Vs 0.199 0.133 0.628 0.412 554.906 0.833 1.010 981.8
[0.013] [0.005] [0.001] [0.000] [0.088] [0.000] [0.030] [121.0]
Ve 0.199 0.133 0.013 0.030 544589 0.833 0.977 981.8
[0.013] [0.005] [0.002] [0.003] [1.916] [0.000] [0.028] [121.0]
v 0.199 0.133 0.013 0.030 0.199 0.133 0.000 981.8
[0.013] [0.005] [0.002] [0.003] [0.013] [0.005] [0.000] [121.0]
Vs 0.199 0.133 0.013 0.030 0.813 0.316 NA 981.8
[0.013] [0.005] [0.002] [0.003] [0.000] [0.000] [121.0]

Note: Lower values indicate greater similarity to the reference or better coherence; for Stat. dist. (m), lower
values indicate better relative accessibility to the infrastructure.

3.2.2. Visual Synthesis of Realism Metrics Across Scenarios

As a complement to the numerical summary presented in Section 3.2.1, this subsection
offers a multivariate visual synthesis of the realism achieved by scenarios VO-V8. The
purpose of this representation is to facilitate an immediate comparative reading of the
global behavior of the variants, identifying the dimension of realism in which the observed
improvements or degradations are concentrated. Figure 3 summarizes this comparison by
means of a scenario—metric heatmap.
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Figure 3. Ablation scenario-metric realism heatmap.
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In Figure 3, each cell represents the normalized discrepancy of an indicator through
a min—max transformation applied by metric over the set VO-V8. Under this convention,
lower values indicate greater similarity or coherence with the reference, which makes it pos-
sible to compare in a single visualization heterogeneous magnitudes such as distributional
discrepancies, correlation differences, and operational checks. In scenarios with constant
energy, some coherence metrics are not definable and appear as missing values.

The visual synthesis reinforces three dominant patterns. First, V3 stands out as the
main geometric improvement of the study, concentrating the lowest relative values in
the indicators associated with length. Second, V5 concentrates the most pronounced to-
pographic degradation, with the greatest visual contrast in the metrics associated with
gradient when slope-length alignment is deactivated. Third, variants V7 and V8 intro-
duce the most visible qualitative changes in the energy dimension, clearly differentiating
between a linear formulation that improves fit and a negative control that collapses the
dependency structure.

Beyond these main foci, the matrix also shows that several variants remain close to
the baseline across a broad set of indicators, which suggests that not all module changes
appreciably alter the aggregated realism profile in the current campaign. Taken together,
Figure 3 complements the reading of Table 5 by visually condensing the critical scenarios of
the ablation study: V3 as geometric improvement, V5 as dominant topographic degradation,
and V7-V8 as the variants with the greatest energy impact. Because min-max normalization
is applied independently by indicator, the figure should be interpreted as a tool for relative
comparison across scenarios and not as a representation of absolute differences among
heterogeneous metrics.

3.3. Ablation on the Distributional Similarity of Marginal Attributes

This section disaggregates the evaluation of the V0-V8 ablation study from the per-
spective of arc-level marginal realism. The objective is to quantify the extent to which each
pipeline variant preserves, for each variable independently, the distributional structure
observed in the reference network, detecting changes in dispersion, asymmetry, and tails
that would be relevant for a synthetic instance to be statistically comparable and useful as
a benchmark.

The evaluation is organized around three main dimensions: length L, gradient g,
and energy E. Although speed v is part of the general validation protocol, in the current
campaign it was kept as a control variable and did not constitute an effectively ablated
dimension. In accordance with Section 2.8.1, the interpretation focuses on effect-size
discrepancy indicators, particularly W1N and JSD, because they make it possible to compare
scenarios in a stable and consistent manner with the aggregated results reported in Table 5
and Appendix A.2.

The following subsections disaggregate the analysis by variable family. Section 3.3.1
examines length and gradient, where the clearest contrasts associated with the geometric
generation mechanism and topographic alignment are observed. Section 3.3.2 documents
the role of speed as a controlled operational variable in this experimental batch. Finally,
Section 3.3.3 evaluates energy by comparing the ANN-based block with the energy base-
lines, establishing the starting point for the subsequent energy-attribute coherence analysis
in Section 3.4.

3.3.1. Length and Gradient: Aggregated Synthesis of Distributional Discrepancies

This subsection examines how, under the VO-V8 ablation design, the distributional
similarity of length L and gradient g varies with respect to the reference network. Because
each scenario was evaluated by means of R = 31 independent replicates, the results are
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summarized as median [IQR]. Interpretation focuses on the aggregated indicators reported
in Table 5 and Appendix A.2.

In the geometric dimension, the dominant pattern is introduced by V3. Whereas
the baseline VO presents WIN-L = 0.199 [0.013] and JSD-L = 0.133 [0.005], in V3 these
values decrease to 0.009 [0.000] and 0.029 [0.000], respectively. In the remaining scenarios,
where the length-generation mechanism is not modified, the discrepancy remains close
to the baseline. Accordingly, the marginal geometric realism of L is dominated by the
length-sampling mechanism.

In the topographic dimension, the main contrast is concentrated in V5. In baseline V0,
WIN-g = 0.013 [0.002] and JSD-g = 0.030 [0.003], whereas in V5 these indicators increase
to 0.628 [0.001] and 0.412 [0.000]. Outside this variant, the marginal distribution of g
remains close to the baseline behavior. This result confirms that slope-length alignment
does not act as an accessory adjustment, but rather as a structural mechanism for preserving
topographic realism.

Taken together, the marginal ablation on L and g yields two direct conclusions: V3
constitutes the main geometric improvement of the study, whereas V5 concentrates the
dominant topographic degradation. These two variants identify, respectively, the length
generator and the slope-length alignment as critical pipeline modules in terms of marginal
realism. From a benchmark-design perspective, these results indicate that the marginal
quality of the instance depends critically on the mechanism that fixes the metric scale and
on the scheme that preserves topographic coherence with that scale.

3.3.2. Distributional Similarity of Operational Attributes

In the V0-V8 ablation design, arc speed v is part of the set of operational attributes
of the network, but it does not constitute an effectively ablated dimension in the current
campaign. Indeed, the generator was executed under the same assignment mode for
all scenarios, keeping speed_mode = empirical in the reported batch. Accordingly, no
systematic variation among variants is expected in its marginal fit.

Under this scheme, the role of v in the current analysis is mainly that of a controlled
variable. By keeping the operational generation mechanism constant, any observed change
in the energy structure or in the aggregated indicators can be attributed more clearly to the
modules that were actually modified (in particular geometry, topography, alignment, and
energy) and not to differences in circulation conditions. Therefore, the detailed quantitative
evaluation of speed is reserved for a future campaign in which the operational scenario V6
effectively activates a perturbation of the assignment mode. Hence, this subsection fulfills
an experimental-control function: verifying that the operational dimension does not intro-
duce additional interpretive noise in the comparison among effectively ablated variants.

3.3.3. Distributional Similarity of Energy (E): ANN Block Versus Energy Baselines

This subsection evaluates the distributional similarity of arc-level energy E under
the V0-V8 ablation design. Unlike length and gradient, energy is a derived quantity;
therefore, its marginal validation makes it possible to establish whether the energy module
reproduces ranges and distributional shapes comparable with the reference, although it is
not by itself sufficient to guarantee multivariate physical coherence. The aggregated results
are summarized in Table 5 and Table A3 in Appendix A.2.

In the current campaign, the block with ANN-based energy (V0-V6) does not preserve
satisfactory marginal alignment with the reference under the input regime induced by the
synthetic pipeline. In baseline VO, WIN-E = 544.589 [1.916] and JSD-E = 0.833 [0.000], and
this pattern is maintained with only minor variations in the rest of the ANN variants. The
least favorable case is V2, where WIN-E increases to 655.984 [1.998]. Taken together, these
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results indicate that, in the current campaign, the ANN block does not reproduce an energy
distribution aligned with the reference.

The dominant contrast appears in V7. When the ANN block is replaced by a linear
baseline, marginal energy discrepancy drops dramatically to WIN-E = 0.199 [0.013] and JSD-
E =0.133 [0.005]. For its part, V8, which fixes energy at a constant value, acts as a negative
control: it reduces part of the scale discrepancy, but maintains a loss of distributional
structure, with WIN-E = 0.813 [0.000] and JSD-E = 0.316 [0.000].

Figure 4 illustrates the distribution of WIN-E and |Ap(E, L)| across the 31 replicates
for each scenario, making the separation between the ANN block (V0-V6) and the energy
baselines (V7-V8) immediately visible.
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Figure 4. Box plots of WIN-E and |Ap(E, L)| across ablation scenarios V0-V8, R = 31 replicates each.

Each box shows the interquartile range and median; whiskers extend to 1.5x IQR.
Scenarios VO-V6 (ANN energy) maintain large and stable discrepancies in both metrics,
whereas V7 (linear baseline) reduces both to near zero, and V8 (constant energy) eliminates
the correlation-based metric by construction.

The methodological reading is direct. In the current campaign, energy emerges as
the most sensitive marginal dimension of the pipeline: the ANN block maintains a high
and stable mismatch, the linear baseline restores a regime clearly closer to the reference,
and the constant control confirms that reducing variability is not equivalent to recovering
distributional structure. Therefore, the behavior of the ANN block in this environment
cannot be interpreted as an accidental fluctuation, but rather as a signal of incompatibility
between the inherited model and the input space induced by synthetic generation. This
pattern suggests that compatibility between an inherited energy model and the synthetically
generated input space cannot be assumed by construction and must be verified empirically.
This observation motivates the subsequent physical-coherence analysis in Section 3.4.

3.4. Ablation on Physical Coherence and Energy Dependencies

Whereas Section 3.3 evaluated realism from a marginal perspective, this section ana-
lyzes a complementary level: the multivariate physical coherence of the generated instances.
In the EV-STSP context, realism does not depend solely on whether each variable separately
reproduces the reference distribution, but also on whether interactions among variables
preserve relationships compatible with physically interpretable behavior. This distinction is
especially relevant for arc-level energy E, since it is a derived quantity coupled to geometric,
topographic, and operational attributes.

With this purpose, the present section quantifies whether the pipeline variants preserve
the global energy dependencies observed in the reference network. The analysis is based
on associations between energy and basic physical attributes, in particular length, gradient,
and altimetric change, and measures their deviation from the real case. Under this logic,
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an instance may present acceptable marginal fit and yet induce an inconsistent energy
structure if it loses the dominant dependency on geometric scale or introduces spurious
associations with topography.

The following subsections develop this analysis in two steps. Section 3.4.1 examines
main multivariate coherence through energy-attribute correlation discrepancies with re-
spect to the reference. Section 3.4.2 then explores how topographic modules and certain
structural controls modulate the secondary energy footprint observed in the campaign.

3.4.1. Multivariate Coherence: Discrepancies in Energy—Attribute Correlations with
Respect to the Reference

This subsection evaluates whether the synthetic instances preserve the global energy
dependencies observed in the real case. Unlike the marginal analysis in Section 3.3, the
interest here is not centered on the shape of the distributions separately, but on whether
arc-level energy E maintains consistent relationships with basic physical attributes of the
network. To this end, three main associations are considered: energy-length, energy-
gradient, and energy-altimetric change A#, the latter derived from the arc topography. The
discrepancy is quantified by Ap(E, X) as formally defined in Equation (10) in Section 2.8.2.

In the reference network, the global energy structure shows a clear pattern: energy is
dominated by geometric scale, whereas associations with gradient and altimetric change
remain close to zero. Under this behavior, the discrepancy in the energy-length association,
Ap(E,L), acts as the main indicator of physical coherence. If the energy generator loses
this dominant dependency, the global structure of E degrades even when other marginal
indicators seem reasonable. Table 6 summarizes these aggregated discrepancies by scenario.

Figure 5 provides a direct visual interpretation of this pattern by plotting arc-level
energy against arc length for three representative cases: the real Madrid reference network,
scenario VO (ANN energy), and scenario V7 (linear baseline). Each panel shows 3000 ran-
domly sampled arcs; the dashed line is the ordinary least-squares fit and the Pearson
correlation p is annotated for reference. In the real network, energy grows almost perfectly
with arc length (o = 1.00), reflecting the dominant role of distance in energy consumption.
In VO, energy values cluster around a narrow band near 9200 Wh regardless of arc length
(p = 0.04), revealing that the ANN module produces predictions that are effectively decou-
pled from the geometric scale of the synthetic instance. In V7, the linear baseline restores
the energy-length proportionality (0 = 1.00), confirming that the dependency structure of
the real reference can be recovered with a physically interpretable model.

Table 6. Energy-attribute coherence discrepancies by scenario (V0-V8), R = 31 replicates.

Scenario E Mode Ap(EL) Ap(E,g) Ap(E,Ah)

Vo ann 0.977[0.028] 0.172 [0.059] 0.366 [0.068]
A% ! ann 0.987 [0.036] 0.161 [0.026] 0.367 [0.067]
V2 ann 1.003 [0.036] 0.022 [0.021] 0.010 [0.007]
V3 ann 0.961 [0.067] 0.126 [0.039] 0.390 [0.071]
V4 ann 0.981 [0.030] 0.196 [0.045] 0.383 [0.043]
V5 ann 1.010 [0.030] 0.137 [0.042] 0.329 [0.052]
V6 ann 0.977 [0.028] 0.172 [0.059] 0.366 [0.068]
V7 linear 0.000 [0.000] 0.003 [0.004] 0.013 [0.015]
V8 median NA NA NA

Note: Ap(E,L), Ap(E,g), and Ap(E,Ah) represent absolute discrepancies between the correlations observed in
each synthetic scenario and the corresponding correlations of the reference network, for the energy-length,
energy-gradient, and arc-level energy-altimetric-change associations, respectively. Lower values indicate greater
coherence with the reference. NA indicates that the metric is not definable by construction.
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Figure 5. Arc-level energy versus arc length for Real, VO (ANN), and V7 (linear) scenarios, 3000 sam-
pled arcs each.

The results show that the ANN-based block (V0-V6) exhibits a systematic loss of the
main energy-length dependency. In baseline V0, the aggregated discrepancy with respect
to the reference is 0.977 [0.028], and values of the same order are observed in V1, V3, V4,
V5, and V6, with the least favorable case in V2, where the discrepancy reaches 1.003 [0.036].
In practice, this indicates that, in the current campaign, the ANN block generates energies
that are almost decoupled from the geometric scale observed in the reference.

At the same time, the same block introduces non-negligible secondary discrepancies
with topography. In V0, for example, the aggregated discrepancies are 0.172 [0.059] for
energy—gradient and 0.366 [0.068] for energy—altimetric change. This pattern is repeated,
with different intensity, in the remaining ANN variants, suggesting that the issue with the
energy block is not merely marginal, but also structural: in addition to losing the dominant
dependency on length, it induces secondary associations that do not characterize the global
behavior of the reference.

Although this work was not designed as an internal audit of the inherited predictor,
the observed evidence is consistent with at least four non-exclusive hypotheses. First, a
distributional shift between the joint structure of real attributes and the one induced by the
synthetic generator: the ANN was trained on the actual covariance of (length, gradient,
elevation) observed in the Madrid network, and parametric synthetic generation alters that
joint structure in ways the model was never exposed to during training. Second, sensitivity
to regions of the input space that were poorly represented during training: urban road
networks concentrate data density in specific (length, gradient) zones, so a synthetic gener-
ator sampling from broader parametric distributions will inevitably populate low-density
regions where interpolation degrades and extrapolation is unreliable. Third, dependence
on the temporal context fixed in the main campaign: neural energy models that encode op-
erational conditions tied to the training period—such as time-of-day patterns or prevailing
traffic loads—will introduce systematic offsets when that context is not replicated in the
synthetic regime. Fourth, scaling and preprocessing effects accumulated in the inference
wrapper: ANN inference typically requires input normalization using training statistics;
if the distributional moments of synthetic attributes differ from those of the training set,
inputs enter the network in an out-of-distribution region of the normalized space, amplify-
ing prediction error even when raw attribute values appear plausible. Consequently, the
results should not be read as a general disqualification of the inherited model, but rather as
evidence that its compatibility with the synthetic regime produced by the pipeline cannot
be assumed by construction and must be explicitly verified.

In contrast, scenario V7 exhibits the behavior most coherent with the reference. In
this variant, the main energy-length discrepancy is reduced to 0.000 [0.000], whereas the
secondary discrepancies remain close to zero, with 0.003 [0.004] for energy—gradient and
0.013 [0.015] for energy—altimetric change. This result confirms that, under the dependency
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pattern observed in the reference, the linear baseline acts as an energetically coherent
formulation at the global scale. For its part, in V8, where energy is fixed to a constant
value, correlations are not definable by construction, so the corresponding discrepancies
are reported as NA.

Taken together, the energy-attribute coherence analysis shows that pipeline sensitivity
is concentrated not only in the distributional fit of E, but also in the structure of physical
relationships that the energy module induces over the network. This result strengthens the
reading of Section 3.3.3: the problem with the ANN block in the current campaign is not
only that it produces marginally misaligned energy, but also that it alters the dependency
architecture that an energetically interpretable instance should preserve. The following
subsection explores in greater depth how topographic modules and certain structural
controls modulate this secondary energy footprint. Consequently, the contribution of the
coherence analysis is not limited to detecting energy mismatch, but rather to showing that
an instance can appear reasonable in marginal terms and still be unsuitable as a benchmark
if its physical dependency structure degrades.

As a robustness check against the linearity assumption of Pearson correlation, rank-
based discrepancies were also computed for all scenarios. In baseline VO, Aps(E, L) = 0.984
[0.025] and Apk(E, L) = 0.989 [0.017], confirming the same systematic decoupling without
assuming a linear energy-length relationship. In V7, both rank-based discrepancies are
effectively zero: Aps(E,L) = 0.000 [0.000] and Apk(E, L) = 0.002 [0.000]. These results
indicate that the physical-coherence failure of the ANN block and the recovery achieved by
the linear baseline hold independently of the assumed association model. The complete
rank-based results by scenario are reported in Table A5 of Appendix A.3.

3.4.2. Effect of Topographic and Structural Modules on the Secondary Energy Footprint

This subsection examines how certain modeling decisions modulate the secondary
energy-coherence discrepancies discussed in Section 3.4.1, in particular the energy—gradient
and energy—altimetric-change associations. The interest here is not to reopen the main
discussion on energy-length, but rather to identify which modules intensify or weaken the
topographic footprint induced on energy.

Within the ANN block (V0-V6), the clearest change is observed in V4. When condi-
tioned gradient generation is replaced by a marginal scheme, the secondary discrepancies
increase to 0.196 [0.045] in energy—gradient and 0.383 [0.043] in energy-altimetric change.
This pattern suggests that losing explicit coupling between length and slope intensifies the
spurious topographic footprint on energy.

In contrast, V5, which deactivates slope-length alignment but preserves the baseline
topographic generator, shows more moderate secondary discrepancies, with 0.137 [0.042]
and 0.329 [0.052]. This indicates that alignment is decisive for the marginal realism of
gradient, but less determinant than the topographic generation mode itself when secondary
energy coherence is analyzed.

Two structural variants complete the reading. In V1, deactivation of strong connec-
tivity alters the secondary footprint moderately, whereas in V2 the discrepancies with
gradient and altimetric change are markedly reduced, even though the main energy-length
incoherence remains high. This suggests that certain global controls of the pipeline can
modify the regime in which the topographic footprint emerges, even if they do not restore
main energy coherence. Finally, V6 does not introduce effective changes in this campaign,
since speed was kept fixed in all scenarios.

Taken together, this subsection shows that, within the ANN block, the secondary
energy footprint depends mainly on the topographic generation mode and, to a lesser
extent, on certain global structural controls. The clearest result is that V4 intensifies
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secondary topographic incoherence, whereas V2 attenuates it without resolving the main
decoupling from length. Under this evidence, topography not only influences the marginal
realism of gradient, but also the way in which energy inherits secondary associations within
the synthetic instance.

3.5. Structural Checks and Operational Consistency

The previous sections analyzed the realism of the synthetic instances from two com-
plementary perspectives: marginal fit of attributes and multivariate coherence centered on
energy. However, even when an instance reproduces plausible distributions and dependen-
cies, its utility as a benchmark for EV-STSP depends on satisfying minimum conditions of
structural and operational consistency. For this reason, this section incorporates a set of
checks aimed at detecting misalignments that could bias experimental interpretation or
compromise the usability of the generated instances.

3.5.1. Geometric Consistency: Misalignment Between Spatial Embedding and
Functional Metric

To quantify this relationship, the indicator geom_ratio is used, defined as the ratio
between the median geodesic distance between arc-endpoint coordinates and the median
synthetic arc length, as shown in Equation (13):

median({dgeoe }ecE)
median({Le}.cE)

(13)

geom_ratio =

where dgeo ¢ is the geodesic (great-circle) distance between the endpoint coordinates of arc
e, and L, is its synthetic arc length. Both medians are used as robust location estimators
insensitive to extreme values in the arc-length distribution. In the current campaign, this
indicator is summarized by scenario as median [IQR] over R = 31 independent replicates,
and its extended values are reported in Appendix A.1.

The results show that geom_ratio remains on the order of 10° in all scenarios, with re-
duced variation among configurations. In baseline VO, for example, the value is 3.243 x 10°
[1.491 x 10%], while very similar values appear in V2, V4, V5, V6, V7, and V8. The most
visible differences are observed in V1 and V3, with 3.231 x 10° [1.512 x 10*] and 3.214 x 10°
[0.000 x 100], respectively, which is more consistent with changes in the length metric than
with substantive alterations of the spatial embedding.

In interpretive terms, the high absolute value of geom_ratio indicates that, in this
campaign, the scale induced by coordinates is not metrically calibrated with respect to arc
lengths. That is, the spatial embedding and the functional metric of the network do not
match in absolute scale. Nevertheless, this mismatch should be read with caution. On the
one hand, the indicator is highly stable across scenarios, so it does not act as a dominant
confounding factor within the ablation study. On the other hand, because EV-STSP is
parameterized over explicit arc attributes, this discrepancy mainly affects the geometric
and visual interpretation of the network more than the internal consistency of the costs
used in experimentation.

Accordingly, geom_ratio is interpreted here as an auxiliary control of relative spatial
consistency across scenarios rather than as conclusive validation of absolute metric align-
ment between coordinates and the functional network. Although this discrepancy does
not invalidate the use of the instance as an attribute-based benchmark, it does limit strong
spatial interpretations based on coordinates and should be considered a methodological
limitation of the current geometric embedding. This reading allows us to move to the next
structural check, centered on the operational accessibility of charging infrastructure.
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3.5.2. Charging Accessibility: Coverage and Worst-Case Node—Station Distance

To verify that the synthetic infrastructure does not introduce operationally under-
served regions, charging coverage was evaluated from a worst-case perspective by measur-
ing the minimum distance from each node to its nearest station and reporting the global
maximum. This analysis is carried out on the underlying undirected physical network
weighted by length, even though the final instance is directed, because the objective is
to evaluate effective spatial accessibility to the infrastructure and not particular circula-
tion constraints.

The results show that charging accessibility remains stable in most scenarios. In
baseline V0, the value is 981.8 [121.0] m, and the same order of magnitude is preserved in
V2,V4,V5,V6, V7, and V8. The most visible deviations appear in V1, where the worst-case
distance increases to 1254.8 [107.9] m, and in V3, where it reaches 1045.7 [130.1] m. This
pattern is consistent with the fact that coverage depends on the connectivity structure and
on the metric induced by lengths: topological or geometric changes can modify the worst
case of access even when the nominal coverage radius remains fixed.

From an operational perspective, these values still indicate ample coverage under
the radius used in the campaign, so none of the variants generates regions that are clearly
isolated from charging infrastructure. In other words, the differences among scenarios
reflect structural sensitivity of the indicator, but they do not compromise the usability of
the instances as energetically feasible benchmarks.

Taken together, this check indicates that the generated infrastructure consistently
satisfies the accessibility criterion fixed by the experimental design and that the realism
differences discussed in the previous sections are not driven by coverage failures. This
reinforces the interpretation that the variations observed among scenarios stem mainly
from the geometric, topographic, and energy modules evaluated in the ablation. Conse-
quently, infrastructure coverage does not emerge as the factor explaining the main realism
differences among variants in the current campaign.

3.5.3. Global Topographic Controls: Directional Balance of Slopes

In addition to the marginal similarity of gradient and its effect on energy dependencies,
a low-cost global topographic control was incorporated to detect evident directional biases
in slope assignment. The motivation is simple: in directed networks, a systematic imbalance
toward positive or negative slopes could introduce aggregated energy asymmetry, even
when other indicators appear reasonable. This control is summarized in Equation (14),
where I(-) denotes the indicator function, equal to 1 if its argument is true and 0 otherwise.

p+ = |1E| Y I(ge > 0) (14)

ecE

To this end, the proportion of arcs with positive gradient was considered in each
scenario. This indicator is not intended to describe the network topography in detail, but
rather to function as a quick verification of directional plausibility.

In the current campaign, p+ was used only as a complementary control and not as a
central metric for discrimination among scenarios. The median absolute difference between
the simulated and real proportion of positive gradients remained low in all cases, from
0.00023 in V3 to 0.00796 in V5. Although the global contrast on pct_grad_pos_diff de-
tected differences among scenarios (H = 104.14, p = 6.07 x 10~1%), the absolute magnitude
of those differences remained below one percentage point, which supports the conclusion
that the degradations observed in scenarios such as V5 do not respond to a trivial sign bias.
Its function was to rule out the possibility that the observed differences in marginal realism
or in energy coherence were due to an evident directional imbalance of g.
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Accordingly, p4+ should be interpreted here as an auxiliary check of global topographic
plausibility. Although it does not act as a main discriminating indicator, its inclusion
strengthens the interpretation of the study by ensuring that the differences among scenarios
do not respond to a topographic sign artifact.

3.6. Synthesis of Contribution by Module

The previous sections separately analyzed the marginal realism of attributes, multi-
variate physical coherence centered on energy, and the structural and operational checks.
To extract methodological implications, it is necessary to integrate these results and identify
which pipeline components produce the most relevant changes when a specific module
is modified.

With this purpose, this section summarizes the relative contribution of each module
with respect to baseline scenario V0. Section 3.6.1 presents a comparative synthesis of
impact by variant, whereas Section 3.6.2 translates these findings into a recommended con-
figuration for generating EV-STSP instances oriented toward reproducible experimentation.

3.6.1. Impact Attribution by Module: Comparative Synthesis with Respect to Baseline (V0)

In order to integrate the results presented in Sections 3.3-3.5, a descriptive impact
ranking by module was constructed taking baseline scenario V0 as reference. The objective
of this synthesis is not to replace the detailed reading by metric, but rather to identify
how intensely the global realism profile changes when a specific pipeline component is
intervened, while keeping the rest of the configuration constant. Because each scenario
was evaluated by means of R = 31 independent replicates, the ranking was built from
aggregated values by scenario, summarized as median [IQR]. This ranking should be
interpreted as a descriptive synthesis of modular sensitivity and not as a substitute for the
individual reading by metric.

For each scenario Vj, the magnitude of change with respect to V0 was quantified from
a representative set of indicators grouped into five families: (i) geometric marginal realism,
(ii) topographic marginal realism, (iii) energy marginal realism, (iv) coherence of energy
dependencies, and (v) structural and operational checks. For each metric 7, a normalized
change with respect to the baseline was defined as in Equation (15):

[ M(Vi,m) — M(Vo, m)]

S ) = e oMV, )~ M{Vo, ) "

These normalized changes were then aggregated by family, and a global impact index
Iy was obtained through the average across families. This index measures magnitude
of change, not direction; therefore, high values indicate that ablating a module strongly
alters the global realism profile with respect to the baseline, without necessarily implying
improvement or deterioration in every individual metric. Aggregation by families is used
here for integrative purposes, allowing magnitude of change to be summarized across
heterogeneous dimensions, though without pretending to impose a universal theoretical
hierarchy among them.

Table 7 identifies three main foci of sensitivity. The first corresponds to the energy
module, where variants V7 and V8 produce the most pronounced displacements of the
global validation profile. In particular, V7 occupies the first position in the ranking by
replacing the ANN block with a linear baseline, thereby modifying both marginal energy
metrics and multivariate coherence. V8, as a negative control, confirms that the loss of
energy structure also generates a substantial global change in the realism profile.
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Table 7. Module impact ranking with respect to baseline V0.
Rank Scenario Change (Module) Dominant Dimension Impact (%)

1 V7 Energy: linear baseline Energy realism 100.0
2 V3 Quantile-based lengths Geometric realism 98.3
3 V5 No slope-length alignment = Topographic realism 67.4
4 V8 Constant energy Energy realism 54.4
5 V1 No strong connectivity Operational/structure 53.2
6 V2 No spatial autoscaling Energy coherence 35.8
7 V4 Gradient KDE Energy coherence 15.1
8 Vé Speed variant No effective change 0.0

The second dominant focus corresponds to the geometric module, represented by V3.
This variant produces the most marked improvement in the marginal length dimension
and, indirectly, modifies certain operational indicators that depend on the metric. Its high
position in the ranking confirms that the length-generation mechanism is one of the most
influential pipeline components in terms of global realism.

The third main focus is slope-length alignment, represented by V5. Although this
variant does not dominate the energy dimension like V7 nor the geometric dimension like
V3, it does concentrate the strongest topographic degradation of the study. Its placement
in the ranking confirms that alignment is not an accessory adjustment, but a structural
mechanism for preserving gradient realism and the stability of topographic enrichment.

Below these three cases, V1 and V2 show intermediate impacts. In V1, deactivation
of strong-connectivity control is reflected mainly in structural and operational indicators,
especially infrastructure accessibility. In V2, the effect is concentrated in energy coher-
ence, since alteration of the geometric scale modifies the regime in which reconstructed
topography and the energy module interact. By contrast, V4 presents a more localized
impact, concentrated in secondary energy—topography coherence, whereas V6 shows no
effective change in this campaign, because the operational speed mode remained fixed in
all scenarios.

Taken together, this synthesis makes it possible to clearly distinguish between critical
modules, modules with intermediate effect, and components without effective variation
in the current batch. Under the available evidence, the results indicate that the global
sensitivity of the pipeline is concentrated on three fronts: energy formulation, the length-
generation mechanism, and topographic alignment. On this basis, the following subsection
translates these findings into a recommended configuration for generating realistic EV-
STSP instances.

3.6.2. Recommended Configuration for Generating Realistic Instances

Based on the previous synthesis, it is possible to propose a recommended configuration
for generating EV-STSP instances oriented toward reproducible experimentation. The
purpose of this recommendation is not to define a universal configuration, but rather to
establish a methodologically sound starting point that preserves, in balanced form, the
marginal realism of attributes, the physical coherence of energy dependencies, and the
structural consistency of the instances.

The results of the study allow three main decisions to be extracted. First, network
geometry must be anchored in a length-generation mechanism that faithfully reproduces
the distribution observed in the reference. In the current campaign, V3 showed the clearest
improvement in marginal length fit, supporting the use of quantile sampling as the pre-
ferred strategy for defining the metric scale of the network. Because length also influences
travel times, topographic reconstruction, infrastructure coverage, and energy estimation, its
adequate representation constitutes a basic condition for the global realism of the instance.
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Second, slope-length alignment must be maintained as an essential component of
the topographic module. The ablation showed that its removal produces the most severe
degradation in the marginal distribution of gradient and compromises the stability of
topographic enrichment. Under the current evidence, this mechanism should be considered
part of the functional core of the pipeline rather than an optional adjustment.

Third, the energy module must be regarded as the most critical component of the
pipeline. In the current campaign, the ANN-based variants maintained high marginal dis-
crepancies and a systematic loss of the dominant energy-length dependency with respect
to the reference. In contrast, the linear baseline represented by V7 showed the best behavior
in both marginal fit and multivariate coherence. Under these conditions, a physically
interpretable linear formulation constitutes the most robust option for experimental cam-
paigns centered on evaluating or comparing structural and topographic modules, because
it reduces the risk of introducing energy incoherences that mask the effects of interest.

This does not imply definitively discarding the use of the ANN block. Rather, the
results suggest that its incorporation requires additional validation of the input regime,
preprocessing, and the effective compatibility between the model and the synthetically
generated attributes. In other words, the ANN block may remain a more sophisticated
alternative, but it should not be adopted as the recommended configuration until its
coherence within the complete pipeline has been explicitly verified.

Under this evidence, the recommended configuration for generating realistic instances
can be formulated as a practical variant V*, composed of: (i) length generation through
quantile sampling, (ii) topographic reconstruction with conditioned gradient generation
and active slope-length alignment, (iii) an auditable and physically interpretable energy
module, represented in the current campaign by the linear baseline, and (iv) systematic
verification through structural and operational checks before accepting the instance as an
experimental benchmark.

This recommendation should be understood as a methodological synthesis of the
ablation study and not as a closure of generator design. Its main value is to provide a
reproducible and defensible basis for future campaigns, clearly distinguishing between
modules that act as determinants of realism and components whose effect was intermediate
or could not be fully evaluated in the current batch. From the perspective of algorith-
mic evaluation, this recommended configuration offers a methodologically safer starting
point for comparing optimization methods without introducing energy or topographic
incoherences that mask the effect of the algorithm.

4. Discussion

The results of the ablation study make it possible to discuss not only which variants
produce better realism indicators, but also which conditions synthetic instances must
satisfy in order to function as scientifically defensible benchmarks in EV-STSP. From a
methodological perspective, this section interprets the findings in terms of experimental
design, benchmark validity, and the scope of the proposed contribution. The discussion
therefore adopts a different logic from the results sections: it does not seek to reiterate
metrics, but to establish what implications they have for the later use of the instances in
comparative optimization studies.

Under this reading, the discussion is organized on two complementary planes. Section 4.1
synthesizes the main implications for realism and experimental design, with emphasis on
the critical modules of the pipeline. Section 4.2 delimits the scope of the results, summarizes
the observed limitations in terms of reproducibility, generalization, and transferability, and
outlines the most immediate future directions of the work.
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4.1. Implications for Realism and Experimental Design: Critical Modules

The first implication of the study is that the global realism of the generator is concen-
trated in a reduced set of critical modules. In the current campaign, three components
stand out consistently: the length-generation mechanism, slope-length alignment, and
the formulation of the energy module. These three elements dominate, respectively, the
geometric quality, topographic stability, and physical coherence of the generated instances.

This reading aligns with recent reviews that point out the need to bring EVRP models
closer to more realistic operating conditions and to reduce simplifications that weaken the
experimental validity of comparative studies [1-3].

From a geometric perspective, the key implication is that arc length should be treated
as the foundational variable in any EV-STSP generator, not merely as one attribute among
others. Because downstream modules—topography, travel time, infrastructure coverage,
and energy—inherit the scale set by length, a generator that produces geometrically faith-
ful arc lengths (Section 3.3) provides a structurally sounder starting point than one that
optimizes secondary metrics first. In practice, this means that length-generation fidelity
should be the first audit criterion when transferring the pipeline to a new urban context,
before any calibration of topographic or energy components is attempted.

From a topographic perspective, the finding that slope-length alignment functions as a
physical consistency constraint rather than a secondary refinement has direct consequences
for generator design. Without this coupling, gradient and elevation become marginally
plausible attributes that are geometrically decoupled from the network structure, which
undermines the operational feasibility of instances intended to model altitude-sensitive
energy consumption. The implication for experimental design is therefore that topographic
coherence should be treated as a necessary condition for benchmark validity, not an optional
enhancement to be added after the geometric core is fixed.

The most transferable lesson emerges in the energy dimension. As documented in
Sections 3.3.3 and 3.4.1, a more complex energy formulation does not automatically yield
higher realism: what determines benchmark quality is whether the module preserves the
dominant dependency between arc energy and geometric scale. This shifts the evaluation
criterion from model sophistication to empirical compatibility with the reference distri-
bution. For future campaigns, it implies that any candidate energy module—regardless
of its theoretical basis—should be explicitly audited through coherence indicators such
as Ap(E, L) before being used in comparative experiments. That the linear baseline out-
performs the inherited ANN in this regard is not an argument against data-driven energy
models in general, but a demonstration that model complexity must be matched by an
equally rigorous validation protocol, consistent with the literature emphasizing that realis-
tic energy consumption depends on the joint effect of physical and operational variables
such as speed, gradient, and payload [7-10].

These observations have a direct consequence for experimental design. When the
objective is to evaluate solution algorithms on synthetic instances, it is methodologically
preferable to fix a generator configuration in which the critical modules have been pre-
viously audited and validated, avoiding simultaneous modification of components that
may introduce confounding factors. Based on the available evidence, this means priori-
tizing a robust geometric basis, maintaining topographic alignment, and using an energy
formulation whose coherence can be explicitly justified.

The contribution of the study is therefore not limited to comparing generator variants.
It also shows that the validity of a synthetic EV-STSP benchmark depends on explicit con-
trols over geometry, topography, and energy, and that evaluating algorithms on instances
not validated along these dimensions may lead to biased conclusions about feasibility, cost,
or comparative performance. The incorporation of R = 31 stochastic replicates per scenario
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reinforces this interpretation, since the dominant patterns remain consistent across runs
and do not depend on a single realization. Accordingly, the article provides a method-
ological criterion for judging benchmark quality before judging algorithm quality, thereby
complementing a literature focused mainly on EVRP formulations and solvers [4,7-10].

4.2. Scope, Limitations, and Future Directions

Although the experimental design incorporates stochastic replication by scenario, the
variability analyzed is limited to the uncertainty induced by the generator seed. Conse-
quently, the conclusions obtained should be interpreted within the experimental domain
actually explored, and not as an exhaustive characterization of the pipeline behavior under
any possible configuration. Future extensions should analyze more systematically the effect
of parameters such as network size, coverage radius, and density of required nodes.

A second limitation corresponds to the operational dimension. In the current cam-
paign, speed was kept as a controlled component and did not constitute an effectively
ablated dimension. Therefore, the effects observed in energy must be interpreted mainly as
the result of geometric and topographic changes, whereas pipeline sensitivity to operational
variations remains open as a future validation line.

A third limitation concerns spatial geometry. The indicator geom_ratio showed that
the scale induced by coordinates is not absolutely aligned with the functional metric defined
by arc lengths. Although this discrepancy does not directly affect experiments formulated
over explicit arc attributes, it does limit stronger spatial interpretations and applications in
which coordinates play a direct operational role. Consequently, future extensions of the
pipeline should consider geometric-calibration mechanisms that more tightly align spatial
embedding and functional metric.

Finally, the transferability of the pipeline to other cities or domains depends on two
conditions. The first is the availability of topographic and operational data comparable
to the reference case. The second, and more delicate, is the effective compatibility of the
energy module with the input space induced by the generator. The current campaign
suggests that this compatibility cannot be assumed by construction and must be explicitly
verified when preexisting energy models are reused or when the pipeline is transferred to
new urban contexts. This caution is consistent with reviews that emphasize the gap still
existing between EVRP models and real operating conditions [3].

Taken together, these limitations do not invalidate the utility of the proposed pipeline,
but they do define the scope of the results reported here. Based on the current evidence,
the main contribution of the study is to offer a reproducible methodology for generating,
auditing, and exporting EV-STSP instances with explicit empirical support, while also iden-
tifying which modules sustain benchmark realism and which require additional validation
before being adopted as part of a reference configuration.

Looking ahead, the study leaves four clear directions for future work: activating
an effective operational ablation on speed, calibrating the geometric embedding more
tightly to the functional metric, diagnosing in greater depth the decoupling of the ANN
module under the synthetic input regime, and extending validation to other urban net-
works. The contribution should therefore be understood not as a closed recipe for instance
generation, but as a reproducible protocol for constructing energetically interpretable and
experimentally auditable benchmarks for optimization on electrified urban networks.

5. Conclusions

Overall, the results show that the validity of the synthetic benchmark does not depend
uniformly on all pipeline modules. Evidence from the final campaign indicates that the
length-generation mechanism, slope-length alignment, and the formulation of the energy
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module account for most of the observed sensitivity in terms of marginal realism, physical
coherence, and operational stability.

The article therefore argues that the main contribution of the pipeline is not merely to
produce synthetic EV-STSP instances, but to provide a reproducible basis for constructing
physically coherent and methodologically auditable benchmarks for algorithmic evaluation.
As a practical starting point, the campaign supports a configuration based on quantile-
generated lengths, aligned topography, and an interpretable and verifiable energy module.
Nevertheless, this recommendation should be understood as valid within the experimental
domain explored in this study, not as a universal rule for every network or urban con-
text. Future work includes an effective operational ablation, tighter absolute geometric
calibration, and broader transferability validation.
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Appendix A

The appendices are retained because they make it possible to keep the main body of
the article focused while preserving the quantitative traceability of the aggregated results.
In this version, only tables consistent with the final campaign and with the refined wording
of Sections 3.2-3.6 are presented.

Appendix A.1. Extended Aggqregated Indicators

In order to maintain a compact presentation in the main body of the article, Table 5
reports only the core set of aggregated indicators used to synthesize the realism of the
generated instances. This appendix presents the extended set of indicators employed
within the same validation protocol, likewise summarized as median [IQR] over R = 31
independent replicates per scenario.
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Table Al. Extended aggregated indicators by scenario. Note: Ap-L, Ap-g, and Ap-Ah represent
absolute discrepancies of energy-attribute coherence with respect to the reference. Lower values
indicate greater similarity or coherence; for geom_ratio, values closer to 1 would indicate better
alignment between geometry and metric.

Scen. WIN-L JSD-L WIN-g JSD-g WIN-E JSD-E Ap-L Ap-g  Ap-Ah  Stat. dist. (m) geom_ratio

vo 019 0133 0013 0030 54458 0833 0977 0172 0366 9818 3243 x 10°

[0013] [0.005] [0.002] [0.003] [1.916] [0.000] [0.028] [0.059] [0.068]  [121.0] [1491 x 10%]

vy 0201 013 0013 0030 5495 083 0987 016l 0367 12548 3231 x 10°

[0012] [0.005] [0.003] [0.001] [2126] [0.000] [0.036] [0.026] [0.067]  [1079]  [1512x 10%]

v, 0199 0133 0013 0030 655984 0833 1003 002 0010 9818 3243 x 10°

[0013] [0.005] [0.002] [0.003] [1.998] [0.000] [0.036] [0.021] [0.007]  [121.0]  [1491 x 10%]

v 0009 0029 0008 0030 535598 0833 0961 0126 039 1045.7 3214 x 10°
[0.000] [0.000] [0.000] [0.000] [7.950] [0.000] [0.067] [0.039] [0071]  [130.] [0.000]

vy 0199 0133 0013 0030 544915 083 0981 019 0383 9818 3243 x 10°

[0013] [0.005] [0.002] [0.003] [2551] [0.000] [0.030] [0.045] [0.043]  [121.0]  [1491 x 10%]

vs 0199 0133 068 0412 554906 083 1010 0137 0329 981.8 3.243 x 10°

[0013] [0.005] [0.001] [0.000] [0.088] [0.000] [0.030] [0.042] [0052]  [121.0]  [1491 x 10]

ve 0199 0133 0013 0030 54458 0833 0977 0172 0366 981.8 3243 x 10°

[0013] [0.005] [0.002] [0.003] [1.916] [0.000] [0.028] [0.059] [0.068]  [121.0] [1491 x 10%]

0199 0133 0013 0030 0199 0133 0000 0003 0013 981.8 3.243 x 10°

V7 .

[0013] [0.005] [0.002] [0.003] [0.013] [0.005] [0.000] [0.004] [0015]  [121.0]  [1491 x 10]

0199 0133 0013 0030 0813 0316 981.8 3243 x 10°

V8 10013 [0.005] [0.002] [0.003] [0.000] [0.000] A NA - NA [121.0]  [1.491 x 10%]

Appendix A.2. Consistent Marginal Indicators by Variable

This appendix reorganizes the marginal results from a variable-oriented perspective,
retaining only metrics fully consistent with the final campaign. Accordingly, the normal-
ized Wasserstein distance (W1N) and the Jensen—-Shannon distance (JSD) are reported,
summarized as median [IQR].

Table A2. Consistent marginal indicators for length and gradient by scenario.

Scen. WIN-L JSD-L WIN-g JSD-g
Vo 0.199 [0.013] 0.133 [0.005] 0.013 [0.002] 0.030 [0.003]
V1 0.201 [0.012 0.132 [0.005 0.013 [0.003 0.030 [0.001
V2 0.199 [0.013 0.133 [0.005 0.013 [0.002 0.030 [0.003
V3 0.009 [0.000 0.029 [0.000 0.008 [0.000 0.030 [0.000
V4 0.199 [0.013 0.133 [0.005 0.013 [0.002 0.030 [0.003
V5 0.199 [0.013 0.133 [0.005 0.628 [0.001 0.412 [0.000
V6 0.199 [0.013 0.133 [0.005 0.013 [0.002 0.030 [0.003
V7 0.199 [0.013 0.133 [0.005 0.013 [0.002 0.030 [0.003
V8 0.199 [0.013 0.133 [0.005 0.013 [0.002 0.030 [0.003

Table A3. Consistent marginal energy indicators by scenario. The E mode column is retained for
traceability purposes.

Scen. E Mode WIN-E JSD-E
VO ann 544.589 [1.916] 0.833 [0.000]
V1 ann 544957 [2.126] 0.833 [0.000]
V2 ann 655.984 [1.998] 0.833 [0.000]
V3 ann 535.598 [7.950] 0.833 [0.000]
V4 ann 544915 [2.551] 0.833 [0.000]
V5 ann 554.906 [0.088] 0.833 [0.000]
Vé ann 544.589 [1.916] 0.833 [0.000]
v7 linear 0.199 [0.013] 0.133 [0.005]
V8 median 0.813 [0.000] 0.316 [0.000]
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Appendix A.3. Multivariate Energy—Attribute Coherence

This appendix gathers the multivariate coherence indicators used in the discussion of
Section 3.4. Only the absolute correlation discrepancies with respect to the reference are
retained, summarized as median [IQR].

Table A4. Consistent indicators of energy—attribute coherence by scenario. Lower values indicate
greater coherence with the reference; NA indicates that the metric is not definable by construction.

Scen. E Mode Ap(E,L) Ap(E,g) Ap(E,Ah)
VO ann 0.977 [0.028 0.172 [0.059 0.366 [0.068
Vi ann 0.987 [0.036 0.161 [0.026 0.367 [0.067
V2 ann 1.003 [0.036 0.02210.021 0.010 [0.007
V3 ann 0.961 [0.067 0.126 [0.039 0.390 [0.071
V4 ann 0.981 [0.030 0.196 [0.045 0.383[0.043
V5 ann 1.010 [0.030 0.137 [0.042 0.329 [0.052
V6 ann 0.977 [0.028 0.1720.059 0.366 [0.068
V7 linear 0.000 [0.000 0.003 [0.004 0.013 [0.015
\%: median NA NA NA

Table A5 reports the rank-based analogues of the energy—length coherence discrepancy,
computed using Spearman rank correlation (r;) and Kendall rank correlation (7) as defined
in Section 2.8.2. Values are reported as median [IQR] over R = 31 replicates.

Table A5. Rank-based energy-length coherence discrepancies by scenario, R = 31 replicates.

Scen. E Mode Aps(E, L) Apk(E, L)
Vo ann 0.984 [0.025 0.989 [0.017
V1 ann 0.998 [0.032 0.998 [0.021
V2 ann 0.999 [0.027 0.999 [0.018
V3 ann 0.986 [0.026 0.990 [0.017
V4 ann 0.992 [0.028 0.995 [0.018
V5 ann 1.004 [0.033 1.003 [0.022
V6 ann 0.984 [0.025 0.989 [0.017
V7 linear 0.000 [0.000 0.002 [0.000
V8 median NA NA

Note: Aps(E, L) and Apk (E, L) are absolute discrepancies between the Spearman and Kendall rank correlations of
the synthetic and real samples for the energy-length pair. The pattern is fully consistent with the Pearson-based
results in Table A4: the ANN block (V0-V6) maintains high discrepancy regardless of the association model
assumed, whereas V7 (linear baseline) reduces both to near zero.

Appendix A.4. Consistent Structural and Operational Checks

This appendix presents the consolidated structural and operational checks that ac-
company the main analysis. Only the indicators fully integrated into the final protocol are
reported: worst-case node-station distance and global geometric consistency.

Table A6. Consistent structural and operational check indicators by scenario. For Stat. dist.
(m), lower values indicate better relative accessibility to the infrastructure. For geom_ratio, values
closer to 1 would indicate better alignment between geometry and metric.

Scen. Stat. dist. (m) geom_ratio

VO 981.8 [121.0] 3.243 x 10° [1.491 x 10%]
\%! 1254.8 [107.9] 3.231 x 10° [1.512 x 10%]
V2 981.8 [121.0] 3.243 x 10° [1.491 x 10%]
V3 1045.7 [130.1] 3.214 x 10° [0.000]

V4 981.8 [121.0] 3.243 x 10° [1.491 x 10%]
V5 981.8 [121.0] 3.243 x 10° [1.491 x 10%]
V6 981.8 [121.0] 3.243 x 10° [1.491 x 104]
V7 981.8 [121.0] 3.243 x 10° [1.491 x 104]
\ 981.8 [121.0] 3.243 x 10° [1.491 x 10%]
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Appendix A.5. Complementary Inferential Results

The inferential evidence used in Section 3.1.3 is summarized in Tables A7 and AS8.
Table A7 reports the global Kruskal-Wallis contrasts for the central metrics of the study;
Table A8 summarizes key pairwise comparisons through Mann-Whitney U with Holm
adjustment and rank-based effect size (ry,).

Table A7. Global Kruskal-Wallis contrasts for central metrics.

Indicator Scenarios H p-Value
WIN-L V0-V8 82.54 1.51 x 10714
JSD-L V0-V8 82.57 1.49 x 10714
WiIN-g VO0-V8 141.28 1.28 x 10726
JSD-g VO0-V8 88.23 1.06 x 10715
WIN-E V0-V8 248.00 4.57 x 1074
JSD-E V0-V8 251.58 7.95 x 10750
Ap(E,L) V0-V7 113.14 2.05 x 10~
Stat. dist. (m) V0-V8 86.46 243 x 10715

geom_ratio V0-V8 6.26 0.618

e = Pl VO0-V8 104.14 6.07 x 10717

Note: small p-values indicate global differences among scenarios; geom_ratio showed no systematic separation

in this campaign.

Table A8. Key pairwise comparisons (Mann-Whitney U + Holm).

Indicator Comparison U p Pholm
WIN-L VO vs. V3 961 1.000 1.82 x 10~11
WiIN-g VO vs. V5 0 —1.000 5.03 x 10710
WIN-E V0 vs. V7 961 1.000 3.93 x 10710
WIN-E VO vs. V8 961 1.000 1.82 x 10~11
Ap(E,L) V0 vs. V7 961 1.000 1.06 x 10~10

Stat. dist. (m) VOvs. V1 22 —0.954 4.08 x 1077
geom_ratio VO vs. V3 620 0.290 1.000

Note: 74 close to 1 indicates strong separation between distributions; the contrast geom_ratio VO vs. V3 was not

significant after Holm adjustment.

Appendix A.6. Technical Interface of the Energy Module in the Reported Implementation

In the visible implementation of the pipeline, the energy module does not materialize
xe as an explicit tabular vector in the main script; instead, the ANN is consumed through a
high-level interface. Table A9 summarizes the three energy modes supported by the script
and the inputs effectively observable in the reported implementation.

Table A9. Energy modes and observable interface in the main script.

Observable .o . .
Mode Interface/Variables Operation in the Main Script Output/Fallback
Call to the ANN wrapper with inputs Arc-level energy scalar; if the predictor is
a, b, workingday, (a, b, workingday, hour, weekday, G); G unavailable or returns invalid values, the
ann . . o
hour, weekday, G contains nodal attributes %, y, elevation, workflow degrades to the empirical
speed, and highway. median and records the mode used.
Least-squares fit on the real case with
linear length_m, 1?terc§ept,llengt}g el.evathon gain, and Arc-level energy scalar computed as a
delta_elev_m elevation loss; admits Gaussian noise physically interpretable baseline.
controlled by
energy_linear_noise_scale.
. No additional Assigns to all arcs the empirical median Negative control with constant energy per
median . .
arc-level variable energy observed in the real set. arc.

Note: the main script does not expose the internal preprocessing of the ANN wrapper as an explicit x, vector;
therefore, the table documents the effectively auditable interface in the visible implementation.
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Appendix A.7. Schema of Exported Instance Files

The processed instance exported by the pipeline comprises the files listed in Table A10.
This organization distinguishes between the intermediate simulated-network output and
the already processed EV-STSP swap instance, allowing file names, fields, and units to be

traced without depending on later descriptions.

Table A10. Files exported by the pipeline and main content.

Level

File

Main Fields

Use

Intermediate output

<rows>-<cols>-grafo_si
mulado_conectado_TSPlib_
<variant>_<run_id>.csv

u, v, length, elev_from, elev_to,
gradient, speed, energy

Enriched directed network
prior to the final
transformation.

Intermediate output

stations.csv

node

Nodes selected as charging
stations.

Local metadata

grafo_simulado_metadata.
json

params, stats, files, scaler_path, real_csv,
unit_energy

Run-level parameters,
metrics, and artifact paths.

Processed instance

evstsp_swap_edges.csv

u, v, length[m], elev_from[m],
elev_to[m], gradient[-], speed[km/h],
energy[Wh], time_h[h], power_W[W]

Final EV-STSP network
with derived magnitudes.

Processed instance

evstsp_swap_nodes.csv

node, is_station,

Nodal typology of the
final instance.

is_required, is_depot

Processed instance

node, swap_time_min,
inventory_packs,
pack_energy_Wh

Operational parameters

evstsp_swap_stations.csv 3 '
of swapping stations.

Processed instance

battery_capacity_Wh, soc_initial_ Wh,
soc_min_Wh, swap_mode,
swap_time_min_default,
max_swaps_total, speed_limit_kmh,
depot_id, route_type,
unit_energy_input_declared,
unit_energy_input_inferred,
required_nodes_count

Global configuration

evstsp_swap_config.csv
P P & of the problem.

Processed instance

Documents fields, units, and
derived objectives (distance,
energy, peak power,
and total time).

Textual description of files and support

evstsp_swap_README.txt objectives

Note: the example instance provided contains 625 nodes, 1587 arcs, 1 station, and 40 required nodes in the
processed EV-STSP swap output.
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