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Abstract—Reliable electricity access is fundamental for socioe-
conomic development, yet grid expansion in rural and remote
regions presents significant planning challenges, often exacer-
bated by a lack of existing infrastructure data. This paper
presents a novel framework for generating realistic synthetic
power distribution grids in data-scarce regions using publicly
available geospatial data. Our method constructs a cost-optimal
network connecting buildings and critical facilities, then prunes
it using a density-based algorithm. Crucially, this pruning is
calibrated to match empirically observed electrification rates,
ensuring the model reflects real-world service coverage. We vali-
dated the framework in the Navajo Nation, where the generated
grid’s topological properties (e.g., nodal degree, network density)
closely matched a proprietary dataset of the as-built network.
The resulting model serves as a practical and replicable tool
for greenfield electrification planning, enabling better-informed
infrastructure decisions in underserved communities.

Index Terms—synthetic distribution network, underserved
communities, grid topology, statistical validation, electrification

I. INTRODUCTION

Access to reliable electricity is a cornerstone of modern eco-
nomic development, public health, and social equity. However,
a significant portion of people remain underserved, particularly
in rural, remote, and economically disadvantaged regions.
Planning and deploying electrical distribution infrastructure
in these areas is a complex and capital-intensive endeavor,
requiring careful consideration of geography, population den-
sity, and economic constraints. To aid in this critical planning
process, as well as for resilience studies and the analysis
of grid modernization strategies, synthetic power grid mod-
els have become an indispensable tool. Standard synthetic
grid generation tools, such as SMART-DS [1] and RNM-
US [2], are primarily designed for fully developed regions
and operate under the fundamental assumption of 100%
building electrification. Consequently, these models lack the
structural mechanisms to capture unserved rates in underserved
communities. Furthermore, many existing models are either
topologically abstract or lack adequate grounding in the real-
world geographic and economic factors that shape grid design.
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This paper presents a novel, data-driven framework for
generating realistic synthetic power distribution grids in data-
scarce regions using publicly available geospatial data. Our
methodology constructs a cost-optimal primary backbone con-
necting critical facilities, extends secondary service to all
buildings, and employs a density-based pruning algorithm cal-
ibrated to match empirically observed electrification rates. We
validate the framework through a case study in the Navajo Na-
tion, where the generated grid’s topological properties closely
match the actual as-built network. The resulting model pro-
vides a practical, replicable tool for greenfield electrification
planning, enabling better-informed infrastructure investment
decisions in underserved communities.

II. METHODOLOGY
A. Assumptions and Data Requirements

Our model assumes the power grid is constrained to the
road network graph Gr = (Vg, Er), reflecting real-world en-
gineering practices where utilizing public road Right-of-Way
(ROW) minimizes land acquisition costs, ensures maintenance
access, and aligns infrastructure with demand centers. The
model requires geospatial datasets including road networks,
building footprints B, and locations of critical facilities (hos-
pitals, schools, community centers). We assume that ensuring
reliable electricity to these infrastructures is the first priority
in grid design.

To translate this service-level target into a spatial criterion,
we define a service-proximity threshold, dinreshora- This thresh-
old is a deterministic value derived directly from the existing
grid, Gycal, to represent the maximum distance at which a
building is considered serviceable, corresponding to the target
electrification rate 1 — Ularget-

dthreshold - Percentile(d(ba Gactual) | Vb S B7 1- Marget) (1)

where the function d(b, G) calculates the Euclidean distance
from building b to its closest node on grid G.

In our framework, this constant is used to classify buildings
relative to our generated final grid, Gr. A building b is
classified as:

Status(b) = {

Served if d(b,Gr) < dihreshold

, 2
if d(b, GF) > dinreshold

Unserved



B. Primary Grid Generation

The primary grid, G p, serves as the high-reliability back-
bone of the network. The generation process begins with the
road network graph, G = (Vg, Fr). As mentioned in section
II-A, the first priority is connecting all essential facilities,
which include the hospitals, schools, and community centers.

To integrate the facilities into the road network, each
facility’s geographic location is mapped to a vertex in the
graph. Computationally, this process was implemented using
the Shapely and NetworkX Python libraries to perform a
nearest-neighbor search, identifying the vertex in Vgx with
the minimum Euclidean distance to the facility’s geographic
coordinates. Applying this process to the facilities yields the
set of critical vertices, S C Vg, which the primary grid must
connect.

Each edge e € ER is assigned a construction cost based on
its physical length, [(e), and its road type. The road type is
quantified by a dimensionless cost coefficient, cgj(€), which
represents the relative expense and engineering difficulty of
construction on different road types (e.g., assigning a lower
cost to major highways than to unpaved local roads). In
implementation, the edge weight used in routing is

w(e) = cclaSS(e) : l(e) 3)

with [(e) measured in consistent metric units. The objective
is to find a minimum-cost subgraph of G that connects all
vertices in S. This is achieved by first calculating the shortest
weighted path cost, denoted as Cp(u,v), for every pair of
nodes u,v € S. This cost represents the most economical
route to build a power line between v and v and is found by
running a shortest path algorithm on G with weights w(e).
Formally:

min

Cplu,v) = PuoCGr

w(e) )

e€EE(Pyy)

where P,, is a path in G connecting nodes u and v, and
E(P,,) is the set of edges comprising that path.

With these pairwise costs computed, we determine the op-
timal backbone topology by modeling it as a Minimum Span-
ning Tree (MST) problem [3]. Specifically, we use Kruskal’s
algorithm [4], a greedy algorithm that is proven to find the
MST by iteratively adding the lowest-cost edge that does not
form a cycle. We consider an abstract, complete graph where
the vertices are the set .S and the weight of an edge between
any two vertices u,v € S is the pre-computed path cost
Cp(u,v). Let Y be the set of edges in the final spanning tree.
Each edge is an unordered pair of vertices, denoted {u,v},
representing the decision to connect the critical nodes « and
v. The optimization problem is to find the set of edges Y that
forms a tree on the vertices S while minimizing the total cost:

Z Cp(u,v)

{uv}ey (5)
subject to The graph (S,Y) is a tree.

minimize
Y
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This choice yields a cost-optimal, acyclic, and connected
backbone over S.

The final primary grid, Gp = (Vp, Ep), is constructed by
taking the union of all road segments comprising the shortest
paths in Y, ensuring a connected, cost-optimal backbone
linking all critical facilities.

C. Secondary Grid Generation

The secondary grid extends the primary backbone to provide
connectivity to all buildings. This process connects each
building in the set B to G p. Operationally, secondary lines
are routed along the road graph using the same edge weights
defined in equation (3), to preserve economic consistency with
the backbone construction.

For each building b € B, represented as a geographic
coordinate, we first identify its corresponding vertex on the
road network, v, € Vi by snapping its coordinates to the
nearest node in Gg.

Next, we compute the optimal connection path, P, for each
building. This path represents the most cost-effective route
from the building’s node v, to G p. For each building, P, is the
solution to the following shortest path optimization problem:

minimize w(e

PeGn EE%(:P) )

subject to P is a simple path, (6)
OP Ny # 0,
OPNVp # 0.

The objective function minimizes the construction cost over
the set of edges in path P, denoted F(P). The constraints
formally define the path’s connectivity. The path P should be
a simple path, which does not visit any vertex more than once,
thereby preventing non-optimal loops. Here, 0P denotes the
boundary of the path P, which is a set of vertices containing
its start and end points. The constraints thus mandate that
one endpoint of the path must be the building’s node vy,
and the other endpoint must be a vertex within the primary
grid’s vertex set, Vp. This problem is solved for every building
b € B to find its respective connection path P,. The complete
secondary grid, Gs = (Vg, Es), is constructed by forming
the union of Gp with all the newly computed paths. The
resulting grid, Gg, is a fully connected network that serves
as the maximal candidate for the subsequent calibration stage.

D. Grid Pruning & Calibration

The secondary grid, Gg = (Vg, Eg), represents a network
with maximum possible connectivity, connecting every build-
ing to the primary grid backbone. To reflect the economic
and practical constraints of grid deployment, we introduce
an algorithm that prunes segments that are not economically
viable. This process is governed by a key hyperparameter: the
minimum density threshold, k, defined in units of buildings
per kilometer. The algorithm iteratively identifies and removes
terminal grid segments (dead-end branches) of a fixed 1 km
length that serve a number of buildings below this threshold k.



This pruning is restricted to leaf paths, ensuring that backbone
connectivity is preserved.

Since the optimal value of k is not known a priori, we
calibrate it by comparing the model’s output to the ground-
truth unserved rate, Utareer. We define a set of candidate density
values, K. For each candidate £ € K, the pruning algorithm
is executed on the initial secondary grid Gg to produce a
candidate final grid, denoted Gz (k). In our experiments, K is
taken as a small integer grid of plausible densities, enabling
efficient calibration by enumeration.

For each resulting grid G r(k), we calculate its correspond-
ing unserved rate, U (k). This is achieved by applying the pre-
defined service distance threshold, dpeshola from equation (1),
and the classification criterion, equation (2). The unserved rate
is the fraction of buildings in the total set B whose minimum
Euclidean distance to the grid Gp(k) exceeds this threshold:

‘{b €B ‘ d(b7 GF(k)) > dthreshold}|
|B|

This metric directly links pruning-induced sparsity to ser-
vice accessibility at the building level.

The optimal density threshold, k*, is then selected as the
candidate value from K that minimizes the absolute difference
between the model’s calculated unserved rate and the target
rate:

Uk) = (N

k* = arg il’él}l{l |U (k) — Utarget| 8)
The final, calibrated synthetic grid, G, is the grid generated
using this optimal threshold:

Gr =Gp(k") )

This calibration step ensures that the final topology em-
bodies the empirically observed electrification level while
remaining economically feasible. The complete procedure for
this step, from pruning to calibration, is formally detailed in
Algorithm 1.

III. VALIDATION
A. Case Study

To validate our grid generation framework, we apply it to
a specific region within the Navajo Nation. This case study
area spans approximately 2,600 square kilometers and is home
to an estimated population of 10,000 residents. The selection
of this region is primarily motivated by the availability of
a dataset to the research team, detailing the actual, as-built
electrical distribution grid. Because actual distribution grid
topologies are classified as critical energy infrastructure infor-
mation and are generally proprietary, this region represents the
sole territory where ground-truth network data was made avail-
able to the research team, providing a unique and invaluable
benchmark for validating the topological and spatial accuracy
of our generated network.

A key parameter for our model is the target unserved
building rate, Usager. For this region, we adopt the value of
0.21, which reflects the finding that approximately 21% of
homes on the Navajo Reservation lack access to electricity

979-8-3315-8138-1

Algorithm 1 Algorithm for Grid Pruning and Calibration
1: Input: Initial grid G's, Buildings B, Target unserved rate Utarget
. Parameters: Set of density thresholds K, Service distance

dlhreshold
: Output: Final calibrated grid Gr

N

3

4:

5: Function CalculateUnservedRate(Geand, B, dihreshold):
6: Bunserved — {b € B | d(b, Gcand) > dthreshold}

7: return | Bynserved|/| B
8.
9
0
1

: for each density threshold £ € K do
Geandidate — G5 {Start with a copy of the initial grid}
while true do
{Iterate until the grid stabilizes}

12: Find a leaf branch P in Gcandidae With building density less
than k.

13: if such a branch P was found then

14: Remove branch P from Gcandidate-

15: else

16: break {No more branches to prune; grid is stable}

17: end if

18:  end while

19:  Store the stabilized grid as G (k).

20:  U(k) < CalculateUnservedRate(G r (k), B, direshold)

21: end for

22: Find the best threshold: k* <— argmingex |U (k) — Ularget|-
23: return The grid corresponding to the best threshold, Gr (k™).

[5]. This target rate is also used to define the proximity
threshold for classifying a building as “served.” Following
equation (1), we calculated the building-to-grid connection
distance, dinreshold, by finding the percentile of distances from
all buildings to the actual grid, Gcya, that corresponds to the
target served rate. This yielded a dipresholg Of 224 m, which
serves as the benchmark for evaluating our generated grid.

The geospatial inputs required by our model were compiled
from publicly available sources. The road network shapefile
was derived from the U.S. Census Bureau [6]. Building
footprints were sourced from the FEMA USA Structures [7].
Essential facilities, including hospitals, schools, and chapter
houses, were also collected from publicly available sources
[8]-[10]. Finally, the location of the distribution substation
within the area was identified using high-resolution satellite
imagery and designated as the root node for our grid genera-
tion algorithm.

To ensure the generated grid, G, realistically reflects the
service levels of the actual territory, we calibrate the pruning
parameter, k. This parameter, a building density threshold
(buildings/km), balances the cost of grid extension against the
benefit of connecting more buildings. To assess the robustness
of this parameter, we performed a sensitivity analysis by
varying k and observing the impact on the grid’s unserved
rate, U(k). Following Algorithm 1, our analysis showed that
a threshold of £ = 3 resulted in 12.45% unserved rate,
while £ = 5 yielded 23.63%. Ultimately, k¥ = 4 yielded an
18.52% unserved rate, the closest match to the 21% target.
Accordingly, we selected the optimal threshold of k* = 4
buildings/km for our case study.



TABLE I
COMPARISON OF STATISTICAL METRICS FOR THE GENERATED AND
ACTUAL GRIDS

Metric | Generated Grid | Actual Grid
Total Length (km) 741.86 858.84
Average Degree 2.0071 2.0886
Average Betweenness 0.0819 0.0220
Network Density 0.0002 0.0002
(a)
—“3 1.00 7 0.93 B Generated Grid
ZO 075 4 B Actual Grid
—
o
§ 050 A
H
2 7 0.09
A - 0.03
0.00 = = T T T T
1 2 3 4 5 6 7 9
Nodal Degree
(b)
_qg B Generated Grid
ZO B Actual Grid
-
=]
E
o
Q% 0.07
0.030.04 0.06 3 0.05 Ul
-| T
0.0 0.1 0.2 0.3 0.4 0.5

Betweenness Centrality

Fig. 1. Comparison of Topological Properties: (a) Nodal Degree Distributions;
(b) Betweenness Centrality Distributions

B. Statistical Validation

To evaluate the topological fidelity of our generated grid,
Gr, we compare it against the actual grid using several
key graph-theoretic metrics. Table I summarizes the primary
statistics for both networks. Despite the generated grid being
smaller in scale, with approximately 13.6% shorter total line
length, the model successfully replicates key structural prop-
erties. The average nodal degree (i.e., the number of edges
connected to a node) and network density (i.e., %,
where |E| is the number of edges and |V is the number of
nodes) of the generated grid show strong agreement with those
of the actual grid. This indicates that our model accurately
captures the fundamental local connectivity and global sparsity
of the real-world network, which are critical for realistic power
flow and reliability analyses.

To delve deeper into the network structure, we compare
the distributions of two central topological properties: nodal
degree and betweenness centrality. The nodal degree, the most
basic measure of local connectivity, is shown in Fig. 1(a).
The degree distributions of both grids are remarkably similar.
Both networks are overwhelmingly characterized by nodes of
degree 2, a typical feature of rural electrical grids that contain
long, chain-like feeder lines. While minor variations exist,
with the generated grid showing a slightly higher concentration
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of degree-2 nodes, the overall profile is well-preserved. This
demonstrates the model’s ability to replicate the fundamental
local topology of the target network.

A more global measure of a node’s importance is its
betweenness centrality, which quantifies how often a node
acts as a bridge along the shortest paths between other nodes.
Formally, the betweenness centrality c¢p(v) of a node v is
given by [11]:

o(s,tlv)
o(s,t)

>

s,tev

cp(v) = (10)

where V' is the set of all nodes, o(s,t) is the number of
shortest paths between nodes s and t, and o(s,t|v) is the
number of those shortest paths that pass through v. Fig. 1(b)
compares the normalized betweenness centrality distributions.
The comparison of betweenness centrality distributions, shown
in Fig. 1(b), further underscores the model’s success. Both
distributions are heavily skewed, with the vast majority of
nodes in both networks (0.80 in the generated grid, 0.93 in
the actual grid) having centrality scores near zero. This is
a hallmark of sparse, dendritic networks and indicates that
the generated grid correctly reproduces this essential global
property.

The generated grid does exhibit a slightly heavier tail,
with a larger proportion of nodes having low-to-moderate
centrality. This leads to a higher average betweenness value
(Table I). However, the goal is to generate a realistic, not
identical, network. The strong qualitative agreement in the
distributional shapes seen in Fig. 1(b) is far more significant
than the difference in a single summary statistic. It confirms
that our model produces a network with a realistic centrality
profile, capturing the general character of how importance is
distributed across the nodes.

In summary, the validation confirms that the generative
model produces networks with high topological fidelity. By
successfully replicating the statistical distribution of both local
(nodal degree) and global (betweenness centrality) metrics,
the model demonstrates its capability to generate synthetic
grids that are structurally realistic and suitable for subsequent
network analysis.

IV. APPLICATION

To demonstrate the practical utility of our framework, we
apply the calibrated model to a new region where the actual
grid topology is unknown. The selected application area is
a region within the Navajo Nation spanning seven chapters
and containing approximately 4,600 buildings. The absence
of verified grid data for this territory makes it an ideal test
case for our predictive generation methodology.

We assume that the service distance threshold dreshola Of
224 m and optimal density threshold k* of 4 buildings/km,
calibrated from one region of the Navajo Nation, is transferable
to other areas within the reservation given similar terrain,
utility practices, and housing density patterns. Using publicly
available geospatial data, we generated a predictive distribution
grid for the territory. The resulting network is illustrated



) 25 5
T TS |:| Kilometers

@ Substation — Generated Grid
- - Pruned Out Grid

Roads

¥ Critical Facilities

Buildings

Fig. 2. Generated distribution grid for a region in the Navajo Nation. The
final grid (blue) is shown alongside the pruned-out segments (black dashed),
buildings, roads, critical facilities, and the primary substation.

in Fig. 2. The final grid is shown in blue, connecting the
substation (red circle), critical facilities (yellow stars) and
thousands of buildings (black dots), while the black dashed
lines represent potential extensions that were pruned by the
algorithm for not meeting the cost-benefit threshold. It is
important to emphasize that this parameter transferability
is strictly valid for regions sharing similar socio-economic
and geographic constraints. Application of this framework
to fundamentally different topographies, such as dense urban
environments, would inherently require re-calibration of the
model parameters.

Classifying buildings using equation (2), we estimate the
electrification rate for the region at 75%. This figure aligns
well with the reported 79% rate for the broader Navajo Nation
[5]. This application demonstrates that the framework can
generate plausible, geographically explicit grids and provide
realistic service coverage estimates for infrastructure planning
and policy in data-scarce environments.

V. CONCLUSION

This paper addressed the critical challenge of designing
cost-effective electrical grid extensions for underserved com-
munities. We introduced a systematic, three-stage optimiza-
tion framework that leverages real-world geospatial data to
generate a practical grid topology. The model first establishes
a primary backbone connecting critical community facilities
via a MST and subsequently connects individual households
through optimized paths along the existing road network. The
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primary contribution of this work is a scalable and data-
driven planning tool that provides an objective, cost-optimized
baseline for electrification projects, replacing subjective or
manual design processes with a computationally efficient and
replicable methodology. Crucially, by explicitly simulating
where grid extensions become economically unviable, the
model allows planners to pinpoint electrification gaps, iden-
tifying who remains unserved and where alternative off-grid
solutions are needed.

The proposed framework serves as a vital decision-support
tool for policymakers, utilities, and Tribal governments, en-
abling them to strategically allocate resources and accelerate
the deployment of essential infrastructure. While our current
model provides a robust foundation based on network distance,
future work should focus on integrating more sophisticated
cost functions that account for terrain, land ownership, and
construction complexities. Furthermore, a significant extension
would be to incorporate the optimal placement of distributed
energy resources, such as solar-plus-storage systems, to evalu-
ate hybrid grid-extension and microgrid solutions. Ultimately,
advancing such quantitative planning tools is essential for
engineering a future where reliable and affordable energy
access is equitable for all communities.
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