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Abstract

Equity-aware electric vehicle (EV) charging planning remains difficult in data-constrained
cities. In this work, an integrated framework was developed by combining spatiotem-
poral graph neural networks (ST-GNNs), EVI-Pro Lite demand estimation, and lexico-
graphic bi-level optimization, and was applied to Bogota, Colombia (8.3 million inhabitants).
Household travel survey data (12,500 households across 142 zones) were used to estimate
zone-level priority scores and venue-specific temporal weights. EVI-Pro Lite simulations
projected a 2025 requirement of 10,870 charging ports (7352 residential, 2739 workplace, and
779 public). In the allocation stage, Level 1 preserved priority-proportional targets, while
Level 2 minimized inter-zonal inequality in Hansen accessibility subject to near-optimal
Level-1 compliance. The final allocation retained strong priority alignment in installed ports
(Spearman p = 0.799, p < 1073!), while the priority—-accessibility association was lower
(Spearman p = 0.320, p = 1.04 x 10~%), consistent with second-stage equity redistribution.
Equity outcomes also improved (Hansen Gini = 0.433; bottom-50% Lorenz share = 0.204).
The mean Hansen accessibility reached 296.630 (standard deviation 248.099; minimum
1.126). These findings indicate that reproducible, equity-oriented EV infrastructure plans
can be produced in cities where revealed charging microdata are limited.

Keywords: electric vehicle charging; infrastructure equity; graph neural networks; bi-level
optimization; urban accessibility; Latin American cities; sustainable transport; facility location

1. Introduction and Literature Review

Electric vehicles are rapidly moving from niche technology to mass-market adoption.
According to the IEA, global electric car sales surpassed 10 million in 2022, accounting for
14% of new car sales worldwide, and were projected to rise to 14 million in 2023, or about
18% of the global market [1]. That growth was confirmed in the following edition of the
report, which showed that sales in 2023 had indeed reached nearly 14 million and that the
global electric car stock had expanded to around 40 million vehicles [2]. The upward trend
continued in 2024: sales exceeded 17 million, the market share of electric cars rose above
20% for the first time, and the global fleet approached 58 million vehicles. The IEA further
expects sales in 2025 to surpass 20 million, representing more than one-quarter of all cars
sold worldwide [3].

Charging infrastructure has expanded in parallel, but not always at the same pace or
in the same places. Public charging points increased from 2.7 million worldwide at the
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end of 2022 to 3.9 million at the end of 2023, and more than 1.3 million additional public
chargers were installed in 2024 [2,3]. Even so, the spatial distribution of this infrastructure
remains uneven. Accessibility has long been understood as an equity issue in transport
planning [4]. The early concentration of chargers in higher-income areas can be partially
explained by earlier EV adoption in those areas, but persistent concentration still creates
structural access gaps for lower-income communities [5,6]. Recent evidence also highlights
disparities in charger reliability—not only in charger counts—reinforcing the need to treat
equity as a primary planning objective rather than an afterthought [7].

This pattern is particularly acute in Latin American cities, where institutional constraints,
limited budgets, and incomplete spatial data complicate evidence-based planning [8]. Bogotd,
Colombia, exemplifies these challenges despite an ambitious policy framework for sustain-
able mobility. The city’s Sustainable and Safe Mobility Plan (Plan de Movilidad Sostenible
y Segura), issued by the District Secretariat of Mobility (Spanish: Secretaria Distrital de
Movilidad, SDM), sets out a long-term vision to 2035 centered on decarbonized trans-
port, multimodal accessibility, safer travel, and reducing territorial, social, and gender
inequalities [9].

Recent work on EV charging planning has moved from single-level facility-location mod-
els toward bi-level formulations that better capture the interaction between infrastructure de-
cisions and user response [10]. In these formulations, planners determine locations/capacities
at the upper level, while travelers respond through charging and routing behavior at the
lower level. This structure is valuable, but two limitations remain in much of the litera-
ture: First, many studies still rely on demand inputs that are either highly aggregated or
weakly connected to observed daily mobility in data-scarce contexts. Second, equity is often
evaluated after optimization instead of being embedded directly in the objective structure.

Recent contributions have improved behavioral realism (e.g., waiting effects and
charging-choice equilibrium) [11,12], and others have integrated transport and power-
system interactions or modeled spatial-temporal charging-load uncertainty within bi-
level planning frameworks [13-16]. However, evidence from equity-focused reviews and
empirical analyses shows that access gaps can persist unless distributional criteria are
explicitly protected in the optimization itself [17-19]. This gap motivates our design choice:
combine mobility-derived prioritization with a second-stage equity objective that is solved
as part of the model, not only reported ex post.

Optimal charging-infrastructure planning requires detailed information on driving
patterns, parking locations, dwelling times, and charging behavior. In high-income countries
with mature EV markets, these inputs are increasingly derived from large-scale GPS teleme-
try and connected-vehicle data [20]. Such data are rarely available in Latin American cities,
where EV fleets are still limited, institutional data sharing is weak, and privacy constraints
restrict access to vehicle-level traces. Under these conditions, household travel surveys
remain the most informative source for reconstructing the spatial and temporal organization
of mobility demand. Bogota’s 2023 Mobility Survey (Spanish: Encuesta de Movilidad,
EM-2023) provides detailed trip records for approximately 12,500 households distributed
across 142 Transport and Mobility Analysis Units (UTAMSs), including trip origins and
destinations, departure times, travel durations, and relevant socioeconomic characteristics,
yet it does not contain direct observations of charging sessions, charger selection, or battery
state-of-charge. Accordingly, observed charging demand is not predicted directly. Instead,
EM-2023 is combined with an activity-based infrastructure estimation framework [21] and
a spatiotemporal graph learning model to infer relative charging priority from mobility
structure. In this way, behaviorally informed spatial allocation signals can be derived even
in data-scarce environments where revealed charging data are not yet available.
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Graph neural networks (GNNSs) offer a solution to this data challenge. These archi-
tectures represent urban areas as graphs, with nodes corresponding to neighborhoods
and edges representing spatial relationships, thereby enabling learning from network-
structured data [22,23]. Graph convolutional networks aggregate information from spatial
neighbors [23], Long Short-Term Memory (LSTM) layers capture temporal patterns [24],
and attention mechanisms weight different hours differentially for different charging
types [25,26]. The key insight is that household travel surveys contain sufficient signal to
learn meaningful charging infrastructure priorities through appropriate analytical methods.
An end-to-end methodology is developed to integrate spatiotemporal GNN outputs with
equity-aware optimization. First, a GNN is constructed from Bogotd’s household travel
survey data to produce (i) a priority score for each of the 142 UTAM zones and (ii) venue-
specific temporal weights derived from an attention mechanism. Second, EVI-Pro Lite
simulations are calibrated for Bogotd’s context to estimate aggregate charging-infrastructure
requirements by venue type [21]. Third, a lexicographic bi-level optimization problem is
solved: Level 1 allocates ports to follow the GNN-derived priority distribution, while Level
2 refines the solution to reduce inequality in Hansen accessibility across zones subject
to near-optimal Level-1 compliance. The complete pipeline is fully reproducible and is
specifically designed for data-constrained cities, where revealed charging-demand data are
limited or unavailable.

Literature Review and Positioning

Research on electric vehicle (EV) charging infrastructure has evolved from technical
characterization toward integrated planning frameworks. Early studies clarified the opera-
tional differences among Level 1, Level 2, and DC fast charging, as well as their implications
for infrastructure design and grid interaction [27,28]. Empirical and review work further
showed that charger type, fast-charging availability, and user preferences shape charg-
ing behavior and adoption [29,30]. Later syntheses placed these technologies within the
broader transition to electric mobility and energy systems [31]. Building on this foundation,
a large body of optimization literature addressed where charging stations should be located
and how much capacity should be installed. Representative approaches include maximal
coverage siting [32], flow-refueling formulations that account for route feasibility and range
anxiety [33], and integrated location—sizing models that incorporate distribution network
constraints [34]. Recent reviews show that the field now covers siting, sizing, upgrades,
uncertainty, and operations, with increasing emphasis on hybrid frameworks that combine
mathematical programming, GISs, and data-driven methods [35]. A related line of review
work focused on charging-demand estimation also shows that infrastructure requirements
are highly sensitive to assumptions about utilization, charging access, vehicle type, and
local travel behavior, especially in underrepresented regions [36].

As a result, demand representation has become a central issue in EV infrastructure
planning. Activity-based tools such as EVI-Pro Lite translate travel itineraries and vehicle
attributes into charging events by location type and time of day, making them especially
useful in contexts where large-scale telematics are unavailable [21]. More recent integrated
frameworks link demand estimation directly to siting decisions and grid feasibility analy-
sis, allowing forecasting, charger placement, and power system impacts to be evaluated
within a single workflow [37,38]. In parallel, machine learning methods have expanded
rapidly for charging-demand prediction. Recurrent models such as LSTM have been used
for short-term station-level forecasting [39], while graph-based deep learning methods
extend this approach by explicitly representing spatial dependence among stations or
urban regions [40,41]. Complementary forecasting studies have also projected spatiotem-
poral adoption trends across heterogeneous user segments to support forward-looking
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infrastructure planning [42]. A recent systematized review confirms both the rapid growth
of this literature and its fragmentation in terms of data sources, targets, and evaluation
settings [43]. For planning applications, this implies that predictive performance alone is
not sufficient unless forecasts can be translated into transparent and spatially actionable
allocation rules.

A second major strand of literature concerns transportation equity and accessibility.
Accessibility evaluation emphasizes that infrastructure should be assessed not only by how
much is provided but also by who can effectively benefit from it. Hansen’s gravitational ac-
cessibility measure formalized the idea that access increases with nearby opportunities and
decreases with distance [44], while later work refined accessibility analysis to account for
land use, transport interactions, and alternative service metrics [45]. Empirical studies show
that, without explicit equity objectives, transport investments can reproduce or intensify
spatial inequalities [8]. In the EV domain, recent studies document disparities in charger
density, reliability, and accessibility across income, race, and urban form gradients [7,46].
Systematic reviews likewise conclude that disadvantaged communities often face longer
travel distances, lower station quality, and greater uncertainty in charger availability even
where regional capacity appears sufficient [17]. This literature increasingly argues that
equity should be embedded directly into siting and allocation models rather than treated
only as an ex post diagnostic [18,19,47,48].

At the same time, graph neural networks (GNNs) have emerged as a powerful frame-
work for modeling urban systems with explicit spatial structure [49]. GNNs learn from non-
Euclidean data by updating node representations through neighborhood aggregation, mak-
ing them well suited to road networks, transit systems, and zonal adjacency graphs [22,23].
Related graph-convolutional developments also addressed relational inference and matrix-
completion settings, illustrating the flexibility of graph-based representation learning in
sparse environments [50]. In transportation, the most influential line of work combines
graph representations with temporal modeling. Diffusion Convolutional Recurrent Neural
Networks (DCRNNSs) coupled graph diffusion with recurrent sequence learning for traffic
forecasting [51], Spatiotemporal Graph Convolutional Networks (STGCNs) introduced
fully convolutional spatiotemporal blocks [52], and Graph WaveNet showed that adaptive
dependency learning can capture latent spatial relations beyond fixed adjacency matri-
ces [53]. Reviews of traffic forecasting and intelligent transportation systems consistently
emphasize that GNNs are particularly effective when spatial dependence, temporal dy-
namics, and multi-source interactions must be modeled jointly [54-57]. More recently,
GNN’s have also been proposed as surrogates for strategic transport models, extending
their relevance from short-term prediction to planning support [58].

These developments are increasingly relevant for EV applications. Spatiotemporal
GNN’s have been used to predict charging demand across urban regions [40]. Other re-
cent work uses adaptive graph-recurrent architectures to learn latent station relationships
directly from data [59], attention-based graph models to capture regional charging-load
variation [60,61], and hybrid deep learning approaches to forecast charging demand from
regional behavioral patterns [41]. Together, these studies suggest that graph-based learn-
ing is well suited to EV infrastructure planning because charging demand is inherently
spatiotemporal and strongly shaped by network structure.

To position the present study more clearly, three complementary research streams are
distinguished: The first stream focuses on demand forecasting and demand estimation,
where the main objective is to predict charging loads, events, or aggregate infrastructure
requirements from mobility and vehicle data. The second stream addresses facility siting
and capacity allocation, where optimization models determine where and how much charg-
ing infrastructure should be deployed under technical and policy constraints. The third
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stream emphasizes equity-aware planning, where accessibility and distributional justice
are modeled explicitly as optimization objectives rather than only as ex post diagnostics.

Most existing contributions connect only two of these streams at a time. Forecasting
studies often stop before spatial allocation decisions are made, while allocation studies
frequently rely on exogenous or simplified demand inputs and then evaluate equity after
optimization. The central contribution of this paper is to integrate all three components
within one coherent workflow tailored to data-constrained cities: EVI-Pro Lite provides
venue-level aggregate quotas [21], the ST-GNN learns spatial priority and temporal venue
structure from EM-2023, and a lexicographic bi-level model preserves demand-related
priorities while directly minimizing accessibility inequality. This positioning clarifies that
the novelty is not a single model block in isolation but, rather, the explicit coupling between
demand representation, allocation logic, and equity objective.

The remainder of this manuscript is organized as follows: Section 2 presents the data
sources and methods. Section 3 reports the empirical findings and integrates the discussion.
Section 4 closes with conclusions, practical implications, and concise limitations.

2. Materials and Methods
2.1. Study Area and Spatial Units

This study focuses on Bogota, Colombia, a metropolitan area of approximately
1587 km? subdivided into 142 Transport and Mobility Analysis Units (Spanish: Unidades
de Transporte y Andlisis de Movilidad, UTAMs), which constitute the basic spatial units
for analysis. The official UTAM 2023 polygonal layer provided by the District Secretariat of
Mobility (Spanish: Secretaria Distrital de Movilidad, SDM) is used and is available through
the EM-2023 zonification download page (“Shapefile UTAM”) [62]. The dataset version
used in this study corresponds to the EM-2023 release, accessed on 26 March 2026; availabil-
ity is public through the SDM observatory portal, while long-term hosting and licensing
conditions are governed by SDM terms. The file is loaded with GeoPandas (v0.14.4) [63]
and then reprojected into two coordinate reference systems (CRSs): (i) WGS84 (EPSG:4326)
for web-based visualization and map export, and (ii) MAGNA-SIRGAS/Colombia Bogota
(EPSG:3116) for metric calculations (areas, distances, and adjacency).

From the UTAM geometries in EPSG:3116, the area of each zone (kmz) and centroid
coordinates are computed. A full pairwise distance matrix between UTAM centroids is
then obtained using scipy.spatial.distance_matrix and converted to kilometers. This
matrix D = (d;;) is used in the accessibility function of the optimization model in Section 2.5,
where d;; denotes the network-agnostic straight-line distance between demand zone i and
infrastructure zone j. Euclidean distance is used for two practical reasons: (i) a consistent
citywide origin-destination travel-time matrix by venue and period is not publicly available
at UTAM resolution, and (ii) Euclidean distances keep the kernel computation transparent
and fully reproducible. This is therefore treated as a parsimonious approximation, and its
limitations and extensions are explicitly discussed in Section 4.

Spatial adjacency is encoded using Queen contiguity: two zones are considered neigh-
bors if they share at least one boundary point. This criterion is applied to the UTAM
polygons to construct a binary adjacency matrix A, which is subsequently normalized
for graph convolutional processing (Section 2.4.1). Figure 1 shows the study area and the
UTAM zoning used throughout the analysis.
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Basemap: © OpenStreetMap contributors. Tiles: © CARTO. Context: Natural Earth

Figure 1. Bogota study area and UTAM zoning. The 142 UTAM polygons form the nodes of the
urban graph used in the graph neural network and optimization model.

2.2. Data Sources

Our methodology integrates three main data sources (Table 1):

e Household Travel Survey EM-2023: Bogota’s 2023 Mobility Survey (Spanish: Encuesta
de Movilidad, EM-2023) provides detailed information on daily trips for approxi-
mately 12,500 households (around 45,000 individuals). Trips are geocoded to UTAMs
and aggregated to obtain hourly origin and destination flows, which are subsequently
normalized by population. EM-2023 also includes socioeconomic variables that are
merged to the UTAM layer (population, income, employment, land-use indicators).

*  ANDEMOS Vehicle Registry: Seven years of electric vehicle registration data from
ANDEMOS (2017-2023) are used to characterize the temporal growth and spatial
distribution of EV adoption in Bogota. These data inform the EV fleet forecast and the
calibration of EVI-Pro Lite (Section 2.3).

. GIS and Auxiliary Data: The UTAM 2023 shapefile (EM-2023 zonification, SDM ob-
servatory portal) provides the spatial boundaries and geometries required to build
the urban graph, compute distances, and derive accessibility metrics [62]. Census,
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cadastral, and tax records are used to enrich UTAM attributes with demographic and
socioeconomic variables.

Table 1. Summary of key data sources used in the study.

Source Description Years Spatial Unit Main Variables Used
EM-2023 Household Daily trlps,' purposes and Origin/ destm.ahor'l flows by

modes; socioeconomic 2023 UTAM hour, population, income,
Travel Survey )

variables employment, land use
ANDEMOS EV New EV registrations (BEV, 2017-2023 Municipality/  Annual EV counts, technology
Registry PHEV) by municipality locality share, spatial distribution
UTAM GIS Layer Official UTAM 2923 2023 UTAM ane geome.try, area, centroid,

polygons (Bogotd) adjacency, distances

All datasets are merged by UTAM identifier to produce a consolidated GeoDataFrame
that contains, for each zone, geometry, centroid coordinates, socioeconomics, and mobil-
ity indicators. These features constitute the input to the graph neural network and the
optimization model.

2.3. EV Infrastructure Demand Estimation with EVI-Pro Lite

To derive citywide charging infrastructure requirements by venue type, the EVI-Pro
Lite methodology developed by the National Renewable Energy Laboratory (Golden, CO,
USA) is implemented [21]. EVI-Pro Lite is an activity-based simulation approach that
translates daily travel itineraries into charging events for a synthetic EV fleet, accounting
for vehicle characteristics, charging access, and time-of-day behaviors. The primary output
used in this study is the required number of charging ports by venue (residential, work-
place, public), which serves as an exogenous infrastructure “budget” that the subsequent
allocation model must distribute spatially.

The simulation is calibrated to Bogota’s context using the following:

*  AnEV fleet forecast of 5200 vehicles by 2025, with a 60% BEV and 40% PHEV split;

*  Daily travel patterns from EM-2023, including trip start and end times, trip durations
and distances, and origin—destination UTAMs;

*  Charging availability assumptions: 70% of vehicles with residential charging access, 40%
with workplace charging access, and universal behavioral access to public charging;

*  Representative battery capacities, efficiencies, and state-of-charge management strate-
gies for the fleet;

*  Seasonal temperature profiles for Bogota (8-20 °C) to reflect climate impacts on energy
consumption.

Because Bogota does not yet publish a validated microdata series on private charger
availability at the household and workplace levels, the 70%/40% access assumptions are
treated as baseline planning priors rather than fixed empirical constants. These values are
intentionally stress-tested in the sensitivity protocol (Section 2.3) to avoid overconfidence
in a single access profile and to make the induced quota variability explicit [21,36].

To improve reproducibility, Table 2 reports the baseline EVI-Pro Lite parameterization
used in this study.

These baseline values follow typical EVI-Pro Lite and charging infrastructure settings
reported in the literature [21,27].

The simulation runs for a synthetic year, sampling daily itineraries with week-
day/weekend distinctions and assigning charging events to residential, workplace, and
public venues based on parking durations and access assumptions. Aggregating across
simulated days yields the required number of charging ports by venue (and, when reported,
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by powertrain). In this manuscript, these requirements are treated as hard quotas Q, in
the optimization stage: the bi-level allocation model must exactly satisfy the venue totals
while deciding how to distribute ports across UTAM zones (Section 2.5). This separation of
tasks—(i) estimating aggregate infrastructure needs through a behaviorally grounded sim-
ulation and (ii) allocating those needs spatially under explicit equity objectives—ensures
that equity improvements arise from redistribution of access rather than from changing the
overall infrastructure requirement.

Table 2. Baseline EVI-Pro Lite parameterization used for replication.

Parameter BEV/General PHEV

Usable battery capacity 50 kWh 14 kWh

Energy consumption rate 0.17 kWh/km  0.20 kWh/km (electric mode)
Residential charging power 7.2 kW (AC Level 2)

Workplace charging power 72 kW (AC Level 2)

Public charging power

50 kW (DC fast equivalent)

Charging efficiency 90%
Charging trigger state-of-charge 30%
Target state-of-charge after session  90%
Minimum reserve state-of-charge  15%

Assumption Transparency and Sensitivity Protocol

Because EVI-Pro Lite outputs are assumption-dependent, a one-at-a-time sensitivity
protocol is explicitly documented around the three inputs most directly linked to venue
quotas: (i) total EV fleet size, (ii) BEV/PHEV composition, and (iii) access rates to residential
and workplace charging. The protocol is defined as follows:

. Fleet-Size Scenarios: £20% around the baseline forecast of 5200 vehicles;

e  Powertrain-Mix Scenarios: BEV share varied from 50% to 70% (with PHEV share
adjusted complementarily);

*  Access Scenarios: Residential access varied from 60% to 80%, and workplace access
from 30% to 50%.

For each scenario, the resulting venue-level quotas Q, are passed unchanged to the
bi-level optimization stage so that the effect of demand-side assumptions is not conflated
with changes in allocation logic. As a first-order reference, if all other assumptions are
held constant, the total quota scales approximately with fleet size: the baseline total of
10,870 ports implies about 8696 ports at —20% fleet and 13,044 ports at +20% fleet. This
protocol improves transparency by making explicit which assumptions drive infrastructure
totals before equity-oriented redistribution is applied.

Table 3 reports this first-order fleet-size sensitivity under a fixed venue-share approx-
imation (residential 67.6%, workplace 25.2%, public 7.2%), using the baseline EVI-Pro
composition. Figure 2 summarizes the EVI-Pro Lite calibration workflow and the venue-
specific charging-port quotas used later as model constraints.

Table 3. First-order sensitivity of projected charging-port totals to EV fleet-size scenarios.

Scenario Total Ports Residential Workplace Public
—20% fleet (4160 EVs) 8696 5882 2191 623
Baseline (5200 EVs) 10,870 7352 2739 779
+20% fleet (6240 EVs) 13,044 8822 3287 935
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Inputs

EV forecast
Fleet size (2025)
BEV/PHEV split

Outputs
EM-2023 trips Charging-port quotas
Da\ly \tmsranss Residential / workplace / public
by hour By BEV & PHEV

EVI-Pro Lite
Charging avallahlllty Calibration Simulation Aggregation Load profiles
Home / work access Inputs + assumptions sample day types Annualize results 15-min and hourly power
Public access Scenario setup Charging events By venue & powertrain Energy by month

Vehicle characteristics Summary metrics
Battery, efficiency Peak, energy, CF
Charging power Scenario comparisons

/

/

Climate profile
Temperature (Bogota)
Seasonality

Figure 2. EVI-Pro Lite calibration workflow for Bogota: input assumptions and venue-specific
charging-port quotas used as bi-level constraints.

This sensitivity is not intended to replace a full multi-parameter uncertainty analysis.
Instead, it provides a transparent quantitative envelope around the 10,870-port projection
given current data constraints.

2.4. Graph Neural Network Model for Charging Priority

This study derives neighborhood-level charging priorities directly from the household
travel survey by learning spatiotemporal patterns in UTAM-to-UTAM flows. A spatiotem-
poral graph neural network (ST-GNN) is implemented to combine graph convolutions for
spatial dependence, a Long Short-Term Memory (LSTM) layer for temporal sequence model-
ing, and an additive attention mechanism for hour-level weighting. The model produces two
outputs for each UTAM zone: (i) a scalar priority score, and (ii) a 24 h attention profile that is
later aggregated into venue-specific weights used by the bi-level allocation model.

The proposed framework does not predict observed charging demand directly, since
large-scale charging behavior data are not available for Bogota. Instead, it learns a mobility-
based proxy for relative charging priority across zones, using the spatial and temporal
structure embedded in the origin—destination survey.

2.4.1. Graph Representation of Urban Structure
Bogota’s UTAM system is represented as a spatial graph:

Gg=V¢),

where the node set V corresponds to UTAM zones and the edge set £ captures spatial
adjacency relationships between them. In the final implementation, the graph contains
|V| = 142 nodes, one for each UTAM zone in the study area.

Spatial edges are first constructed using Queen-type contiguity, so two zones are
connected if their polygons touch or intersect. When contiguity is too sparse for stable
message passing, a k-nearest-neighbors fallback on UTAM centroids (k = 6) is applied.
This ensures a connected support for graph convolution while preserving neighborhood
structure. Although the conceptual graph is undirected, implementation uses reciprocal
directed edges in edge-index format, following standard GNN practice.

Following the standard graph convolution formulation, spatial propagation relies on
the symmetrically normalized adjacency matrix with self-loops:

A=D2(A+1)D /2, (1)
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where A is the adjacency matrix, I is the identity matrix, and D is the degree matrix. The
normalization in Equation (1) prevents feature magnitudes from scaling with node degree
and improves numerical stability during training [23].

2.4.2. Feature Construction from Survey Flows

Using the EM-2023 household travel survey, mobility activity is aggregated by UTAM
origin, UTAM destination, and hour of day. For each zone i and hour i € {0,...,23}, a
compact feature vector is constructed

X € R3,

defined as
x;; = [origy, desty, totaly,], totaly, = orig;;, + dest;,, )

where orig;;, denotes the number of trips originating in zone 7 at hour /1, and dest;;, denotes
the number of trips ending in zone i at hour h.
By stacking the 24 hourly feature vectors for each zone, the spatiotemporal input
tensor is obtained
X € RIVIx24x3 3)

which is used as the model input. Equations (2) and (3) define the full input representation
used in training. Figure 3 visualizes the resulting UTAM graph, including the node set and
the spatial adjacency relationships used in the ST-GNN.

Figure 3. Graph representation of Bogota’s UTAM network. Points represent UTAM-zone nodes, and
line segments represent adjacency edges under Queen contiguity, with a k-NN fallback on centroids
when necessary. The map includes an approximate scale bar in kilometers.
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Because Bogoté lacks observed charging demand data at sufficient spatial resolution,
the model is trained using a mobility-derived proxy target. Specifically, for each zone 7, a
scalar intensity label is defined as the mean hourly total activity:

1 23
Yi = 1 Z total;,. 4)
h=0

This target (Equation (4)) captures the average daily mobility intensity associated
with each zone and provides a consistent supervision signal for learning spatial and
temporal structure from the survey data. Accordingly, the model should be interpreted
as a prioritization mechanism based on mobility patterns rather than a direct predictor of
realized EV charging demand.

2.4.3. Spatiotemporal Graph Neural Network (ST-GNN) Architecture

The proposed ST-GNN framework, illustrated in Figure 4, adopts a hierarchical
architecture designed to capture both spatial interdependencies among neighboring UTAM
zones and temporal variation across the 24-h daily cycle. The workflow is organized
into three sequential stages: spatial feature extraction, temporal sequence modeling, and
attention-based score regression.

Temporal encoder P an—
1-layer LSTM
sequence over 24 h @iy = softmax(e; )
hy, € R¥? ¢ = Lniphip
1

Figure 4. ST-GNN architecture overview. Spatial graph convolutions, temporal LSTM encoding, and

Priority output
raw score score;
normalized
index s;

q

Spatial
2xGCNConv

Input tensor + ReLU

X € RIVIx24x3
(orig, dest, total)

R ion head
MLP on ¢;
score; = f(c;)

hour-wise graph
propagation
Z, € RVIx32

Temporal outputs
24-hour
profile a;;,
venue weights wj,

attention-based regression generate UTAM priority and temporal-weight outputs.

I.  Spatial Feature Extraction (GCN)

To account for the topological structure of the UTAM network, spatial message passing
is applied independently at each hour i € {0,...,23}. Let

X, € RW\ x3

denote the matrix of node features at hour /. For each hourly slice, the model applies a
two-layer graph convolutional network (GCN) [23], implemented through GCNConv layers
with ReLU activations:

Z, = GCNz (¢(GCN1 (X1, 6)),G),  Z, e RVIxg, (5)

where o(-) denotes the Rectified Linear Unit (ReLU), and ¢ = 32 is the spatial hidden
dimension. Equation (5) transforms the original mobility features into latent embeddings
that encode neighborhood influence through the graph structure.

II.  Temporal Sequence Modeling (LSTM)

The sequence of hourly spatial embeddings

{2y,24,...,Zy}
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is then treated as a temporal signal for each zone. To capture inter-hour dependence and
daily temporal structure, the model uses a one-layer Long Short-Term Memory (LSTM)
network [24]. For each zone i, the LSTM processes the sequence of spatial representations

{zip }i‘lo
and produces a corresponding sequence of hidden states
h;, € R,
where t = 32 is the temporal hidden dimension. The full temporal output is therefore
H; = [hjo,hi1, ..., higs). (6)

III. Temporal Attention and Scalar Regression

Because not all hours contribute equally to charging priority, the model applies an
additive attention mechanism [26] over the LSTM hidden states. This component learns
hour-specific importance weights for each zone. The attention formulation is as follows:

a;;, = tanh(Wh; ), (7)
ein=u'a;, 8)
exp(e;

Zi;:() exp (ei,h’ ) '

where W and u are trainable parameters, ¢;  is the unnormalized attention score, and «;
is the normalized importance assigned to hour & for zone 1.
The attention-weighted context vector for each zone is computed as

23
¢ =Y ajzh (10)
h=0

This vector summarizes the zone’s spatiotemporal mobility signature over the full
day. Finally, the context vector is mapped to a scalar output through a small multilayer
perceptron (MLP):

score; = f(c;), (11)

where f(-) denotes the final regression head. The resulting scalar score; is interpreted as
the raw charging-priority signal for zone i, while the 24 attention weights &; ;, provide an
interpretable temporal importance profile. Equations (6)—(11) describe the temporal and
attention components end-to-end.

To complement Figure 4, Table 4 summarizes the block-level architecture configuration
used in implementation.

Table 4. ST-GNN block-level configuration.

Block Configuration Output Shape (per Zone)
Input tensor 24 hourly slices, 3 features/hour 24 x 3

Spatial encoder 2 x GCNConv + ReLU, hidden size g =32 24 x 32

Temporal encoder 1-layer LSTM, hidden size t = 32 24 x 32

Attention module  Additive attention over 24 states 24 attention weights
Regression head MLP on context vector c; 1 priority score
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2.4.4. Priority and Venue-Weight Extraction

The final stage of the ST-GNN pipeline converts the model outputs into planning
variables that can be used directly in the optimization model. Specifically, for each UTAM
zone i, the network produces a scalar raw score score; and a 24-h attention profile a; .
These outputs are transformed into two quantities: (i) a normalized spatial priority index
s;, which captures the relative importance of each zone; and (ii) venue-specific weights w;,,
which summarize the temporal structure of the learned mobility signal in a form suitable
for infrastructure allocation.

I.  Spatial Priority Normalization

To make scores comparable across the 142 UTAM zones, the raw output score; is
rescaled to the unit interval through min-max normalization:
score; — min; score;

Si = . 7 (12)
max; score; — min; score; +€

where € > 0 is a small constant introduced for numerical stability. The resulting index
s; € [0,1] preserves the relative ordering of zones and is interpreted as the mobility-based
charging priority used in the first level of the optimization model.

II. Temporal Aggregation into Venue Windows

The attention coefficients a; ;, indicate the relative contribution of each hour # to the
final priority score of zone i. To connect these hour-level signals with the charging categories
used in EVI-Pro Lite, the 24 h attention profile is aggregated into three operational windows
associated with typical charging opportunities:

Wi res = Z L (overnight/residential), (13)
he{22,23,0,1,2,3,4,5}
17
Wi work = E & hs (daytime/workplace), (14)
h=8
21
Wipub = Y i (evening/public). (15)
h=18

These aggregated quantities provide an interpretable temporal signature for each zone
and relate the learned attention structure to venue-specific charging contexts.

II.  Venue-Weight Construction

Because the aggregated window scores are not constrained to sum to one across venue
types, they are normalized row-wise to obtain a convex combination:

W;

= -, T = {res,work,pub}. 16
Yoer Wi { P } (19

Wiy

The weight wj, therefore represents the relative importance of venue type v in zone i,
conditional on the temporal mobility pattern learned by the ST-GNN.

Together, Equations (12)—(16) define how raw ST-GNN outputs are transformed into
planning variables for optimization.

This transformation serves two purposes: First, it preserves inter-zonal heterogeneity
by allowing different parts of the city to exhibit different venue profiles rather than imposing
a uniform citywide split. Second, it provides a direct behavioral input to the bi-level
allocation model: the normalized priority score s; captures where infrastructure is most
needed, whereas the venue weights wj, capture which type of charging opportunity is
most consistent with the temporal structure of mobility in each zone.
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2.4.5. Training Procedure

The ST-GNN is trained end-to-end on the full UTAM graph using the mobility-derived
zone-level target y;. The model is optimized with Adam, using a learning rate of 10~ and
weight decay of 10~*. Training minimizes the mean absolute error (MAE) between the
predicted priority score and the target value for each zone:

L= 1 Z|scorel- — yil. (17)
VIS

The ST-GNN training objective is therefore fully specified by Equation (17).

The training procedure is run for 1500 epochs with a fixed random seed to ensure
reproducibility. Because the model is estimated on the full UTAM graph and is not intended
as a conventional out-of-sample forecasting model, its role in this study is to learn stable
latent representations of spatiotemporal mobility intensity that can be translated into
planning-oriented charging-priority indicators.

After convergence, the workflow exports two artifacts for subsequent analysis and
optimization: (i) priority_utam_scores.csv, containing the raw score priority_score
and the normalized index priority_norm; and (ii) temporal_attention_by_utam.csv,
containing the 24-h attention profile for each UTAM zone. These outputs are then used to
derive the venue weights and priority targets required by the bi-level charging infrastruc-
ture allocation model.

2.4.6. Notation Summary

Table 5 defines the main symbols and parameters used in the optimization formulation.

Table 5. Main notation and parameter definitions.

Symbol Definition

I Set of UTAM zones (|I| = 142)

14 Set of venue types {res, work, pub}

iy Integer number of ports allocated to zone i, venue v

Qv Exogenous quota of ports for venue v (from EVI-Pro Lite)
S; Normalized ST-GNN priority score for zone i

Wiy ST-GNN venue weight for zone i, venue v

TTiy Priority-proportional allocation share

Tiv Priority-proportional target ports (T;, = 7, Qv)

djj Euclidean centroid distance between zones i and j (km)
Av Venue-specific distance-decay parameter (km)

o Priority amplification parameter in Level 1

€ Relaxation parameter in lexicographic coupling

u* Optimal Level-1 deviation objective value

2.5. Bi-Level Lexicographic Optimization Model

Charging ports are allocated across Bogotd’s UTAM zones through a lexicographic
bi-level optimization model that combines demand fidelity and equity improvement. Let I
denote the set of UTAM zones, with |I| = 142, and let V denote the set of venue types:

V = {res, work, pub}.

The decision variable is the integer number of charging ports installed in zone i € I
for venue type v € V:
Niy € Z+.
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The model is designed to solve two planning objectives sequentially. The first level
preserves the mobility-derived priority structure learned by the ST-GNN, while the second
level improves the equity of accessibility across zones without substantially departing from
the first-level solution.

Hard Venue-Specific Quotas:

The aggregate charging requirements estimated with EVI-Pro Lite are imposed as
hard constraints. For each venue type v, the total number of allocated ports must equal the
exogenous quota Qy:

Y nip=Qs YveV. (18)
i€l
These constraints (Equation (18)) ensure that the optimization redistributes charging
infrastructure spatially without altering the citywide infrastructure totals determined in
the demand-estimation stage.

Level 1: Priority-Preserving Allocation:

The ST-GNN provides two inputs to the allocation model: a normalized zone-level pri-
ority score s; € [0,1], and a set of venue-specific temporal weights w;,, where } ¢y wi, = 1
for each zone i. Using these quantities, a priority-proportional allocation share is defined
for each zone and venue:

~ max(107°,5;)%wy,
 Lker max(1076, sp) ¥ wyy

Tl , Viel, veV, (19)

where « is a tuning parameter that controls the strength of priority amplification. The
corresponding target number of ports is

Ty = Ty Qv~ (20)

The first optimization level minimizes the total absolute deviation between the integer
allocation 7;;, and these target values:

minz 2 ‘”iv - Tiv|- (21)

ielveV

Equations (19) and (20) define the priority-proportional targets, and Equation (21)
defines the Level-1 deviation metric.

To obtain a linear mixed-integer formulation, auxiliary non-negative variables u;, > 0
are introduced such that

Uiy 2> Ny — Ty, Uy 2> Tipy — iy, Viel,veV. (22)

The Level-1 problem can then be written as

minz Z Ujy. (23)

ielveV

Equation (22) linearizes the absolute deviations, and Equation (23) is the solved MILP
objective. Let U* denote the optimal value of this first-level objective.
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Level 2: Equity Improvement through Hansen Accessibility:

After obtaining the best priority-preserving allocation, the second level seeks to reduce
inter-zonal inequality in accessibility. For each demand zone i, Hansen-type accessibility is
defined as

Ai = Z Wiy Zexp(—dl-]-/)\v)njv, (24)
veV jel
where d;; is the straight-line distance in kilometers between the centroids of zones i and
j, and A, is a venue-specific distance-decay parameter. Equation (24) follows the Hansen
accessibility logic [44] and captures the fact that charging infrastructure in one zone may
also benefit nearby zones through spatial spillovers, with the magnitude of that benefit
decreasing with distance.
Equity is operationalized by minimizing the sum of pairwise absolute differences in
accessibility:
min ) |A; — Ajl. (25)
i<j
This objective is proportional to the numerator of the Gini coefficient and, therefore,
provides a direct measure of accessibility inequality across the urban system.
To linearize the objective, auxiliary variables z;; > 0 are introduced for all i < j, subject to

Zjj > A — A], Zjj > A] — A, Vi < ] (26)
The Level-2 objective then becomes

minZzij. (27)
i<j

Equation (25) defines the inequality criterion, while Equations (26) and (27) provide
its linearized implementation.

Lexicographic Coupling:

The second level is solved subject to a near-optimality condition that preserves the
priority structure obtained in Level 1. Specifically, the total deviation from the priority-
proportional targets is constrained by

Yo N u, < (1 +e)ur, (28)

iclveV

where ¢ > 0 is a small relaxation parameter. This condition allows the second level to
trade a limited deterioration in priority compliance for a potentially larger improvement in
accessibility equity.

In the implementation reported here, ¢ = 0.05 is set, which limits the second-stage
deterioration in Level-1 fidelity to 5%. This value was selected as a policy-interpretable
compromise: large enough to allow meaningful equity gains, but small enough to preserve
the original priority ordering as the dominant signal. The coupling constraint is enforced
through Equation (28).

The lexicographic structure therefore separates two policy-relevant aims: first, allocate
infrastructure in accordance with the mobility-derived demand signal; second, redistribute
accessibility more fairly across zones while remaining close to that initial allocation logic.
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Implementation:

The model is implemented in Pyomo [64] and solved with open-source MILP solvers,
using CBC as the main solver and GLPK as a fallback. Distance kernels are computed from
the UTAM centroid matrix and venue-specific decay parameters:

Ares = 3 km, Awork = D km, )\pub =2 km.

These values reflect different effective catchment ranges for residential, workplace,
and public charging opportunities. Interpreted as exponential kernels, they correspond
to half-decay distances of A, In2: about 2.08 km (residential), 3.47 km (workplace), and
1.39 km (public). The larger workplace parameter captures longer routine commuting
catchments, while the shorter public parameter represents more localized opportunistic
charging behavior. The final output of the model is the integer allocation matrix (1;,),
which specifies the number of charging ports assigned to each UTAM zone and venue type.
Figure 5 summarizes the resulting bi-level optimization structure, including inputs, decision
levels, and outputs.

Level 1: Priority preservation ‘
Minimize absolute deviation from
priority-proportional targets

GNN priorities
s; and venue weights w;,

integer ports n;, by

N UTAM and venue

N A

Allocation output ‘

\

A

EVI-Pro quotas Lexicographic coupling
Qres, Quwork: Qpub u < (1+eUu*

\

GIS distance matrix
d;j and decay parameters A,

Level 2: Accessibility equity ‘ Equity output
—> Minimize pairwise inequal- > Hansen accessibility
ity in Hansen accessibility ‘ and inequality metrics

Figure 5. Structure of the bi-level optimization model. Inputs include GNN-derived priorities and
venue weights, EVI-Pro venue quotas, and GIS-based distances; outputs are the number of charging
ports by UTAM and venue.

2.6. Implementation Workflow and Reproducibility

Figure 6 summarizes the end-to-end workflow. EM-2023, ANDEMOS, and UTAM GIS
data are cleaned, merged, and aggregated at the UTAM level. The resulting GeoDataFrame
is used both to run the EVI-Pro Lite simulation (yielding citywide charging quotas) and to
train the spatiotemporal GNN (yielding charging-priority scores and venue-specific weights).
These outputs feed the bi-level optimization model, which produces an allocation that follows
priorities (Level 1) and then improves accessibility equity (Level 2). All code is implemented
in Python using open-source libraries (GeoPandas, PyTorch, PyTorch Geometric, Pyomo).

EVI-Pro calibration
Output: venue quotas Q,

Planning outputs
allocation maps
Lorenz/Gini diagnostics

Bi-level optimization
L1: priority fidelity

L2: accessibility equity
T

Data sources Preprocessing
EM-2023, ANDE- joins, cleaning,
MOS, UTAM GIS OD aggregation

ST-GNN training
Outputs: s;, a;), Wiy

Reproducibility package: processed data, model outputs
(CSV), optimization outputs, and figure-generation scripts

Figure 6. Methodological pipeline: data acquisition and GIS preprocessing, EVI-Pro Lite demand
estimation, GNN-based priority learning, and bi-level optimization of charging infrastructure.
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3. Results and Discussions
3.1. ST-GNN Training and Priority Extraction Results

Figure 7 shows the evolution of the training loss across epochs. The MAE decreases
steadily during the early and intermediate stages of optimization and then transitions to a
smoother convergence regime. Although minor oscillations remain, the overall trajectory
indicates that the model learns stable spatial and temporal regularities from the UTAM-level
mobility tensor rather than fitting a noisy or unstable representation.

20.0

17.5

15.0

MAE Loss
= -
1) ~
=) n

~
n

o
=}

2.5

0 200 400 600 800 1000 1200 1400
Epochs
Figure 7. Training loss across epochs. Mean absolute error (MAE) during 1500 training epochs,
showing stable convergence.

Because independent charging-session labels are unavailable, validation of ST-GNN
outputs is performed against the observed mobility ground truth from EM-2023, rather than
against observed charging demand. Pattern-level consistency checks are therefore used:
(i) spatial consistency with high observed origin-destination activity zones (Equation (4)),
(ii) temporal consistency between learned attention peaks and observed high-activity win-
dows, and (iii) comparison against simpler mobility baselines. This should be interpreted
as structural validation of mobility-derived priorities, not as direct validation of realized
charging sessions.

Beyond convergence diagnostics, the role of the ST-GNN is clarified through compar-
isons with simpler reference formulations derived from the same EM-2023 tensor: (i) a
direct mobility-intensity index based only on aggregated trip totals, and (ii) a fixed-window
temporal heuristic using citywide venue shares without UTAM-specific attention. These
baselines are useful as transparency checks, but they cannot jointly represent neighborhood
propagation on the UTAM graph and zone-specific hour weighting. The ST-GNN is there-
fore used not merely as a smoother of trip intensity but as a representation learning step
that generates two coupled planning signals: a spatial priority score and heterogeneous
venue weights.

Accordingly, the model should be interpreted as a planning-oriented extractor of
relative structure rather than as a black-box demand forecaster. This distinction is important
in data-constrained settings: the objective is to recover actionable spatiotemporal patterns
from survey data with limited direct charging observations, and then propagate those
patterns into the optimization stage in a controlled and interpretable way.

After training, the model yields two outputs for each UTAM zone: a scalar priority
score and a 24 h temporal attention profile. The attention vectors provide an interpretable
representation of hour-level importance, allowing us to examine when mobility activity
contributes most strongly to the learned charging-priority signal. Figure 8 reports the
attention profiles for the highest-priority UTAM zones. In Bogot4, the most pronounced
peaks are concentrated in late-evening and night-time periods, suggesting that the learned
signal is closely associated with residential and end-of-day dwelling opportunities.
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Hourly attention profiles for the five highest-priority UTAM zones

UTAM
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Figure 8. Hourly attention profiles for the five highest-priority UTAM zones. Learned 24-h weights
indicate when mobility contributes most to charging priority. UTAM620 is shown with markers
because its profile overlaps closely with UTAM600.

To enable spatial comparison across the study area, the raw priority scores are normal-
ized through min—-max scaling to obtain the index s; € [0, 1]. Figure 9 presents the resulting
normalized UTAM priority map. The spatial pattern is clearly uneven: a relatively small
subset of zones concentrates the highest values, while a large share of the city remains near
the lower end of the scale. This indicates that the ST-GNN does not infer a uniform demand
surface but instead identifies a strongly differentiated geography of charging priority from
the observed spatiotemporal mobility structure.

UTAM priority (normalized) — ST-GNN attention-weighted
— 1.0

0.8

0.0

Figure 9. Normalized UTAM charging-priority map. Distribution of normalized ST-GNN priority
scores across Bogota’s UTAM zones (approximate kilometer scale bar included).
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The highest-priority zones are concentrated mainly in the central and northern parts of
Bogotd, consistent with the mobility intensity captured in the survey data and with the tem-
poral weighting learned by the network. These normalized scores constitute the principal
demand-side signal used in the subsequent optimization stage, where they are preserved,
subject to controlled relaxation, in the first level of the lexicographic allocation model.

3.2. Bi-Level Allocation and Equity Outcomes

The lexicographic optimization distributes the EVI-Pro quotas exactly across venue
types, assigning 7352 residential ports, 2739 workplace ports, and 779 public ports, for a
total of 10,870 charging ports citywide. The first optimization level preserves the ST-GNN
priority structure through priority-proportional targets, while the second level redistributes
accessibility through spatial spillovers in order to reduce inequality in the Hansen accessi-
bility surface.

The final allocation remains strongly aligned with the learned priority scores in terms
of installed capacity. As shown in Figure 10, the Spearman rank correlation between s; and
total installed ports is p = 0.799 (p = 9.99 x 10~%3), indicating that the optimized allocation
continues to reflect the mobility-derived priority ordering. However, the corresponding
correlation between priority and Hansen accessibility drops to p = 0.320 (p = 1.04 x 10~%;
Figure 11), which reveals the effect of the second-stage equity adjustment: accessibility is
no longer a simple mirror of the priority ranking, because the model accounts for venue-
specific distance decay and inter-zonal spillovers.

Priority vs total installed ports
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Figure 10. Priority versus total installed ports under the bi-level solution (o = 0.799, p = 9.99 x 10~3).
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Figure 11. Priority versus Hansen accessibility under the bi-level solution (o = 0.320, p = 1.04 x 10~%).

https://doi.org/10.3390/en19081981


https://doi.org/10.3390/en19081981

Energies 2026, 19, 1981

21 of 28

This correlation is computed on total installed ports (all venue types combined). It
should not be interpreted as implying identical rank retention by venue category. Because
quota magnitudes differ substantially across residential, workplace, and public charging,
venue-specific correlations can vary, especially for sparse categories such as public charging.

The resulting accessibility distribution remains unequal but substantially more dif-
fused than the raw port allocation. The Hansen accessibility Gini coefficient is 0.433, and
the Lorenz curve in Figure 12 shows that the bottom 50% of zones account for 0.204 of
total accessibility. Table 6 summarizes the main quantitative outcomes. The mean Hansen
accessibility reaches 296.630 (95% CI for the mean: 255.823-337.437), with a standard de-
viation of 248.099 and a minimum of 1.126. By comparison, the total port distribution is
more concentrated, with a Gini coefficient of 0.733, indicating that the accessibility objective
smooths part of the inequality induced by the physical concentration of installations.

Lorenz curve of Hansen accessibility
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Figure 12. Lorenz curve of Hansen accessibility under the bi-level allocation. The bottom 50% of
zones account for 0.204 of total accessibility.

Table 6. Summary metrics for the bi-level solution (Hansen accessibility, priority alignment, and
uncertainty margins).

Metric Value Metric Value
Min Hansen accessibility 1.126 Spearman (s;, ports) 0.799
Mean Hansen accessibility 296.630 Spearman (s;, Hansen access.) 0.320
SD Hansen accessibility 248.099 Gini (Hansen accessibility) 0.433
CV (Hansen accessibility) 0.836  Bottom 50% Lorenz share (Hansen) 0.204
Gini (ports_total) 0.733 Number of UTAM zones 142
p-value (Spearman s;, ports)  9.99 x 10~3 p-value (Spearman s;, Hansen) 1.04 x 104

At the same time, the large dispersion (SD/mean = 0.836) indicates that substantial
heterogeneity remains after optimization. This appears to reflect both the inherent core—
periphery spatial structure in Bogotd and modeling simplifications (fixed venue quotas,
Euclidean impedance, and omitted grid /land-cost constraints).

A useful implication of these results is that the zone receiving the highest accessibility
is not necessarily the zone receiving the highest number of chargers. In the final solution,
the largest installed totals are concentrated in a handful of high-priority UTAMs, but the
highest Hansen accessibility is achieved in centrally positioned zones that benefit from
cumulative spillovers from neighboring installations. This confirms that the second-stage
accessibility objective changes the spatial meaning of the solution from “where chargers
are placed” to “where access is effectively experienced”.
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Uncertainty margins for the main statistics are as follows: Spearman (s;, ports) = 0.799
(95% CI: 0.730-0.852; p = 9.99 x 10733); Spearman (s;, Hansen accessibility) = 0.320 (95%
CI: 0.164-0.460; p = 1.04 x 10~*); mean Hansen accessibility = 296.630 (95% CI for the
mean: 255.823-337.437).

3.3. Spatial Allocation Patterns

Figure 13 shows the spatial distribution of the final allocation by venue type. The total
port map reveals a strong concentration of infrastructure in the north—central urban corridor
and in a compact central cluster of high-priority zones. This pattern is consistent with the
learned ST-GNN priorities, but the decomposition by venue type provides additional
structure. Residential ports are the most spatially widespread category, workplace ports
are more concentrated in high-access and employment-oriented zones, and public ports are
assigned more selectively, reflecting both the smaller quota and the sharper venue-specific
weighting induced by the optimization model.
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Figure 13. Bi-level UTAM allocation by venue: total, residential, workplace, and public ports
(approximate kilometer scale bar included).

The concentration of installed capacity is nontrivial: the ten highest-allocation UTAM
zones account for approximately 31.6% of all ports. At the same time, the final solution is
not purely concentrated in a few locations. Residential ports appear in 140 of the 142 zones,
workplace ports in 80 zones, and public ports in 47 zones, indicating that the optimiza-
tion balances concentration and territorial coverage rather than collapsing entirely into a

https:/ /doi.org/10.3390/en19081981


https://doi.org/10.3390/en19081981

Energies 2026, 19, 1981

23 of 28

small core. Figure 14 shows the resulting geography of realized accessibility, combining
local and spillover effects under the final bi-level allocation.

Hansen accessibility under the bi-level allocation

r 1000

- 800

600

400

200

Figure 14. Hansen accessibility under the bi-level allocation, including local and spillover effects
(approximate kilometer scale bar included).

3.4. Integrated Discussion

The proposed framework separates two planning objectives that are often conflated
in EV infrastructure studies: aligning charging capacity with a mobility-derived signal
of relative need, and improving the territorial equity of access once that signal has been
respected. The lexicographic structure makes this distinction explicit. In the present case,
the final solution preserves a strong monotonic relationship between the learned priority
scores and installed charging capacity, as reflected by the Spearman correlation of p = 0.799
between s; and total ports. This confirms that the first optimization level is effective in
retaining the spatial structure learned by the ST-GNN, even after the second-stage equity
refinement is imposed.

At the same time, preserving priority is not equivalent to preserving the same ranking
in realized service access. The correlation between priority and Hansen accessibility falls to
p = 0.320, indicating that the second optimization level reshapes the geography of effective
access. If the objective only followed priority-proportional targets, the final map would
largely reproduce the concentration pattern of the ST-GNN outputs. Once accessibility
equalization is introduced, the solution becomes more territorially diffused because each
installed port contributes both to its host zone and to surrounding zones through the
distance-decay kernel. The optimization therefore determines not only where chargers are
placed but also how accessibility benefits are redistributed.

This distinction is reflected in the inequality metrics. The final Hansen accessibility Gini
coefficient is 0.433, while the Gini coefficient of total port distribution is 0.733, indicating
that physical infrastructure remains more concentrated than the accessibility it generates.
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This gap confirms that accessibility-based evaluation is essential for equity analysis, because
centrally located chargers can improve access in multiple neighboring zones, and those
spillovers are missed by simple zone-level port counts. The Lorenz result is consistent: the
bottom 50% of zones account for 0.204 of total Hansen accessibility. Although inequality
remains, accessibility is still less concentrated than raw port allocation, suggesting that the
second-stage objective partially compensates for polarization in learned priorities.

The spatial results also reveal a meaningful tension between concentration and cov-
erage. A disproportionate share of ports is assigned to a relatively small subset of high-
priority UTAM zones, especially in the north—central and central urban structure, consistent
with the ST-GNN signal and observed mobility intensity. However, the venue-specific
decomposition shows that the model does not collapse into a purely core-based strategy.
Residential ports are distributed across nearly the entire city, while workplace and pub-
lic ports are more selective and concentrated. This pattern is behaviorally plausible and
suggests that temporal-attention venue weights do more than scale quotas: they introduce
behavioral differentiation into the final allocation.

From a methodological standpoint, the results support the value of combining survey-
based representation learning with accessibility-aware optimization in data-constrained
environments. Bogota does not yet have large-scale revealed charging-demand data, and
this limitation would normally prevent planners from constructing detailed demand sur-
faces. The ST-GNN partially addresses this constraint by extracting relative priority patterns
from origin—destination flows and time-of-day structure. The optimization model then
translates those learned priorities into a policy-relevant infrastructure plan under fixed
venue quotas. The resulting pipeline is especially useful for cities where detailed EV
telemetry is unavailable but household travel surveys and GIS layers are accessible.

The revision also strengthens the interpretation of model robustness at two levels.
On the demand-estimation side, the scenario protocol in Section 2.3 clarifies how fleet
size, BEV/PHEV composition, and charging-access assumptions can shift venue quotas
before spatial allocation. On the optimization side, parameter choices are explicitly policy-
interpretable: £ controls the acceptable deviation from priority fidelity, while A, encodes
venue-specific spatial reach in the accessibility kernel. This separation helps distinguish
uncertainty in total infrastructure need from normative choices in redistribution.

At the same time, the results also underline the normative nature of the planning prob-
lem. A stronger emphasis on Level-1 fidelity would produce a more sharply concentrated
allocation aligned with the learned priorities, whereas a stronger emphasis on Level-2 acces-
sibility equalization would further diffuse access across zones. The relaxation parameter in
the lexicographic coupling therefore has a clear policy interpretation: it defines how much
deviation from the estimated need signal is acceptable in exchange for a fairer accessibil-
ity distribution. In practical planning settings, this parameter could be selected through
stakeholder negotiation rather than purely technical tuning.

Overall, the findings suggest that equitable EV charging deployment should not be
framed as a choice between efficiency and fairness in the abstract. Instead, it should be
understood as a structured trade-off between preserving a behaviorally grounded demand
proxy and redistributing the accessibility generated by infrastructure across the urban
network. The bi-level framework developed here offers a transparent way to formalize that
trade-off and to produce allocations that remain interpretable both from a mobility analysis
perspective and from an equity perspective.

3.5. Minimum Data Requirements and Transferability

To strengthen reproducibility claims for other data-constrained cities, a practical
minimum-input checklist is summarized. At minimum, the framework requires (i) a zonal
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polygon layer with centroids/adjacency, (ii) household travel survey data or equivalent OD
activity by hour, (iii) a city-level EV adoption projection with at least BEV/PHEV shares, and
(iv) context-specific assumptions on charging access by venue. Without these four elements,
the full ST-GNN + EVI-Pro + bi-level pipeline cannot be operationalized consistently.

Transfer to another city can be structured in five steps: (1) harmonize zoning and survey
records into a common geospatial key, (2) construct UTAM-equivalent graph/tensor inputs,
(3) calibrate EVI-Pro assumptions to local fleet and charging-access conditions, (4) train
the ST-GNN to derive local priority and venue weights, and (5) solve the lexicographic
allocation under locally selected equity and policy parameters. This sequence clarifies which
components are portable by design and which require local recalibration.

4. Conclusions

This study presents a reproducible framework for equitable EV charging planning
in resource-constrained cities. The approach combines ST-GNN prioritization, EVI-Pro
Lite demand estimation, and lexicographic bi-level optimization. Applied to Bogotd, the
framework preserves mobility-derived priority structure in installed capacity (Spearman
p = 0.799, p < 10~3!), while the priority-accessibility relationship is weaker after equity
refinement (Spearman p = 0.320, p = 1.04 x 10~%). Accessibility equity is improved overall
(Hansen Gini = 0.433; bottom-50% Lorenz share = 0.204).

The main practical implication is that planners do not need to choose between de-
mand fidelity and equity in purely qualitative terms: the trade-off can be made explicit,
parameterized, and auditable. This is especially relevant for Latin American cities where
household survey data are available but revealed charging microdata remain limited.

Several limitations should be considered when interpreting these findings. Priority
signals remain mobility-derived proxies rather than observed charging sessions; infrastruc-
ture deployment is modeled as a static one-step decision; Euclidean impedance is used
instead of network travel time; and implementation constraints such as grid capacity, land
availability, zoning, and installation costs are not explicitly modeled. Future work should
therefore prioritize multi-period deployment, network-based impedance calibration, and
integration of feasibility constraints and social vulnerability indicators.

Supplementary Materials: Processed datasets, trained model weights, optimization code, and figure
generation scripts are available in a public GitHub repository (project repository, https:/ /github.com/
jorgeiv500/bogota-ev-charging-gnn-bilevel accessed on 9 April 2026). Raw household travel survey
data subject to privacy protections cannot be publicly shared but may be requested from Bogota’s
District Secretariat of Mobility (Spanish: Secretaria Distrital de Movilidad) for research purposes.
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