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US Representative Feeder Sets for Distribution Grid
Economics and Policy Applications
Albane Seres , Member, IEEE, and Miguel Heleno , Senior Member, IEEE

Abstract—This paper proposes a methodology to generate sets
of distribution feeders representative of any U.S. county for eco-
nomic and policy studies. The methodology modifies prototypical
feeders and organizes them into sets that (i) reproduce historical
economic and infrastructure investment patterns and (ii) accom-
modate county-specific demand characteristics, including energy,
peak, and building types. The approach relies on publicly available
data, enabling systematic application across all U.S. counties and
adaptation to other regions. The use of the resulting feeders is
demonstrated through an electrification impact study in Alameda
County, California.

Index Terms—Distribution grid economics, distribution infra-
structure, electrification.

NOMENCLATURE

The mathematical symbols used throughout this paper are
classified below as follows.

Sets
Ft Set of taxonomy feeders representative of the

climate zone.
Fcz Set of climate-zone representative feeders with

modified assets.
Fcounty Set of county-specific feeders with modified as-

sets and county building stock.
WFScounty Set of weighted feeders representative of the

county.
C Utility catalog of capacitor, lines and transform-

ers.
B Set of branches.
Bviol Set of branch violations.
Nviol Set of nodes with undervoltages.
MT

f Multiset of building types for feeder f .
Bf Set of buildings associated with feeder f .
Nf Set of end-nodes for feeder f .
Lf Set of loads for feeder f .
T Set of building types.
P Set of growth rates.
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Parameters
Ucf (ρ̄) Upgrade cost of feeder f for a homothetic load

growth ρ̄.
Ucbaseline

f Baseline upgrade cost of feeder f .
α Weighting factor for county energy, peak load, and

historical investment residual.
β Weighting factor for building-type energy residual.
γ Reduction factor for baseline upgrade cost.
δ Threshold for iterative optimization.
Pf Total active power of the feeder f .
Pn Active power of a feeder end-node n.
Lb(t) Load profile for building b.
Lf (t) Aggregated load profile of buildings in feeder f .
Ef Energy of the buildings in feeder f .
Eτ

f Energy of building type τ in feeder f .
Ecounty Total energy of the county.
Lcounty Peak load of the county.

Decision variables
xb,n Binary decision variable for building b assigned to

feeder end-node n.
εnf Residual error for building to end-node load assignment

at tpeak.
δnf Max residual error for building to end-node load assign-

ment.
nf Optimal weighting factor for feeder f .
rEcounty Residual error for county energy consumption.
rLcounty Residual error for county peak load.
rUc
ρ Residual error for historical investment for a load in-

crease of ρ.
rEτ Residual error for building type τ energy consumption.

I. INTRODUCTION

IN THE United States, the electrification of all end-use sectors
could increase annual electricity consumption by up to 44%

from 2016 to 2050 under high adoption scenarios, that assume
rapid uptake of electric vehicles and electric heating technolo-
gies [1]. The new electric demand has the potential to change
load shapes and increase the risk of grids congestions [2], [3],
which will require significant upgrades of the distribution grid
infrastructure and increase the overall costs of the electricity
sector. Thus, to develop efficient electrification policies, it is
necessary to systematically estimate these future infrastructure
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costs, particularly in what concerns to distributions grid up-
grades, which nowadays already represent the highest share of
electric utilities’ capital expenditures [4].

Traditionally, distribution grid upgrade costs are estimated
empirically, by analyzing historical utility investment data and
extrapolating these trends to predict future costs [2], [5]. This
approach involves estimating costs linearly from peak load using
incremental reference values of investment rates, expressed in
$/kW, derived from historical utility upgrades and peak demand
gathered from regulatory data sources, such as the Federal
Energy Regulatory Commission (FERC) Form 1 [6]. However,
projecting future costs based on the past capital expenditures
implicitly assumes that utilities will continue investing in tradi-
tional “poles and wires” infrastructure and that equipment cost
trends will remain the same.

Alternatively, forward-looking methodologies to assess distri-
bution upgrades involve projecting future load scenarios for indi-
vidual feeders and calculating future capital costs. For example,
a California study in [7] assessed the impact of behind-the-meter
PV integration on distribution grid costs, using a set of 75 distri-
bution feeders. Another recent California study evaluated how
electric vehicle (EV) penetration and net energy metering tariffs
affect distribution grid infrastructure [8]. This study analyzed all
individual feeders of the three main utilities by projecting EV
scenarios and calculating the capacity upgrade costs for each.
A work in Switzerland [9] estimated distribution upgrade costs
associated with the deployment of solar, EV and space heating,
considering a sample of real networks serving 170 thousand
consumers. A common characteristic among these studies is
the use of real feeder data, which is often proprietary and
difficult to obtain. In addition, using real feeders in large-scale
national studies presents a trade-off: modeling every feeder is
impractical, while relying on feeder samples may raise concerns
about representativeness.

Real distribution network data can be represented by pro-
totypical feeders, specifically developed to reproduce electric
design characteristics that are found in real networks [10].
This is the case, for example, of the IEEE PES Test Feed-
ers [11], which consist of 11 radial distribution networks, or
the low voltage (LV) feeders developed by Cigre to benchmark
the integration of distributed generation [12]. Comprehensive
sets of these feeders can be developed to represent an entire
utility territory or geographical region. For example, in Italy
the ATLANTIDE Project created a digital archive with three
MV reference networks representing rural, industrial, and urban
areas [13], while in Sweden a similar project established two
MV reference networks for reliability studies [14]. In the US,
a variety of works over the last decades have used clustering
techniques to analyze real feeders and derive representative
networks of a particular utility territory [15] or a state [16]. At
regional or country level, 25 taxonomy feeders representative
of specific climate zones were developed, using hierarchical
agglomerative clustering of real distribution networks across the
nation [17]. Similar clustering techniques have also been applied
in Australia to derive taxonomy feeders, including the consid-
eration of LV networks [18] and the integration of distributed
solar [19].

A different approach to approximating realistic distribution
networks is the generation of synthetic feeders over street maps.
This is the case with the Reference Network Model (RNM),
a tool used to produce substation and feeder designs while
considering geolocation, electricity consumption, and a realistic
distribution equipment catalog [20]. RNM was used to derive the
SMART-DS dataset, which contains thousands of feeders across
four U.S. regions [21]. Besides the synthetic representation
of electrical parameters — from LV through MV and up to
sub-transmission — the dataset was enhanced with individual
building-level demand and PV profiles [22]. Unlike the test
and taxonomy feeders [11], [17], these synthetic networks do
not reproduce the real characteristics and electric designs of a
particular region. However, they have the advantage of being
geolocated and offering detailed demand profiles.

Despite their use in various distribution operation studies,
both taxonomy and synthetic geolocated networks are inade-
quate for distribution grid economics and policy studies. First,
although they rely on realistic electrical installations, they do
not intend to reproduce infrastructure or economic costs of a
particular utility or location. Second, despite including realistic
peak loads and sometimes load profiles, they do not mean to
capture the entire energy demand of a service territory, nor they
are available for every single location. Therefore, designing elec-
trification policies and projecting future distribution grid costs
requires a new set of feeders that can reproduce real distribution
infrastructure costs and techno-economic characteristics of a
particular location.

To bridge this gap, this paper proposes a methodology to gen-
erate sets of representative feeders in the US, with county-level
granularity, for the purpose of distribution economic and policy
studies. For a given county, we show that our methodology is
able to generate a population of representative feeders that:
� i) contains the demand characteristics of the county (in-

cluding energy, peak and building types);
� ii) reproduces the economics and the distribution infras-

tructure investment patterns historically observed in the
area;

� iii) is based on publicly available data and, therefore, can
be systematically applied to every single county of the US
territory.

We illustrate the methodology and the use of the datasets by
applying it to an electrification impact study in Alameda County,
CA, US.

II. METHODOLOGY

To generate feeder sets that reproduce the economics of
local distribution grids, we depart from prototypical feeders
representative of the electric installations of a given location.
In this work, we use the US taxonomy feeders [17], but the
methodology can be applied to any representative feeder set.
Without changing the topology, the proposed methodology mod-
ifies the electric equipment rating in those feeders so that they
reproduce the rate of investments historically observed in the
utilities of a particular climate zone. Additionally, it creates
different instances of feeders with electric load profiles that are
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Fig. 1. Methodology workflow.

characteristic of the building stock of a given county. Finally,
the methodology ensures that the resulting representative set of
feeders can reproduce both the historical rate of investments as
well as the total energy, peak, and building types of each county.
The overall methodology workflow is presented in Fig. 1.

A. Modifying Feeders to Reproduce Investment Rates

This step of the methodology focuses on modifying the
equipment of taxonomy feeders, which are representative of
Building America climate zones, to ensure their investment
rates align with the historical capital investment rate of utilities
operating within those climate zones. The modifications include
adjustments to line and transformer capacities as well as the
addition of capacitors. The targeted rate of investment can be
derived from the historical data on local utilities’ capital expen-
ditures and associated demand growth, using the methodology
outlined in [23]. Financial and operational data from major US
investor-owned utilities (IOUs) are collected and a multivariate
regression model with fixed effects was used:

CapexkW,i,t = β0 + βGGi,t + Yt + Ui + εi,t (1)

where CapexkW,i,t represents the capital expenditure per kW for
utility i in year t; Gi,t is the growth rate of system capacity for

Algorithm 1: Investment-Adjusted Representative Feeders.
Input: Taxonomy Feeder Set Ft, reference load increase ρ̄,
utility catalog of capacitors, lines and transformers C.

Output: Investment-adjusted feeders per climate zone Fcz .
1: for allf ∈ Ft do
2: for a target load increase ρ̄, get feeder overloading and

costs to upgrade it using Algorithm 2:
Ucf (ρ̄),Nc,Bviol,← Algorithm 2(f, ρ̄, C)

3: calculate the difference between historical and
observed upgrade costs: Δcf ← UcHist(ρ̄)− Ucf (ρ̄)

4: for i = 1 to Nvar do
5: create f̂i, a copy of feeder f
6: randomly add capacitors to nodes Nc of f̂i
7: if Δcf < 0 then
8: randomly upgrade branches Bviol in f̂i using C.
9: else

10: randomly downgrade branches B \ Bviol, in f̂i
using C.

11: end if
12: end for
13: Ucf̂i(ρ̄)← Algorithm 2(f̂i, ρ̄, C)
14: end for
15: return Fcz = {(f̂i, Ucf̂i(ρ̄))|i ∈ 1, . . . , Nvar}

utility i in year t; βG represents the change in per-kW costs in
response to a one percentage point increase in load growth; Yt

is a fixed effect for each year, Ui is a fixed effect for each utility,
and εi,t is the error term. The intercept β0 + Yt + Ui represents
the average per-kW distribution investment for the case of no
growth, denoted by I0.This model isolates the effect of growth
rate on capital expenditure per kW while accounting for the fixed
effects of capital expenditures per utility and year that are not
attributed to load growth (e.g. reliability enhancements). The
total cost per new kilowatt of capacity, R(ρ), including both the
base cost and the incremental cost due to load growth, is derived
for a growth rate ρ of the initial capacity Ci as follows:

R(ρ) =

Investment after load growth︷ ︸︸ ︷
((I0+100× βG × ρ)× Ci × (1+ρ))−

Initial investment︷ ︸︸ ︷
(I0 × Ci)

Ci × ρ︸ ︷︷ ︸
New kW of capacity

(2)

R(ρ) = I0+100×βG × (1+ρ) (3)

Given the lack of coherent publicly available data and the
presence of multiple utilities within a single county, historical
investment records are aggregated by climate zone and analyzed
separately. Thus, for each climate zone, historical βG, I0 is
obtained. For a reference demand increase ρ̄, it is possible
to calculate the rate of utility upgrade investments UcHist(ρ̄)
observed. This value expresses the trend of distribution util-
ity investments in $per-kW of new peak load in a particular
climate-zone.

Algorithm 1 modifies the equipment in the taxonomy feed-
ers Ft so that they match the historical trend UcHist(ρ̄). The
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algorithm applies a load growth ρ̄ to the feeder f and estimates
the upgrade costs Ucf (ρ̄) required to keep the feeder within
the voltage and loading limits, using Algorithm 2. The heuris-
tic is designed to capture exclusively the capital investment
costs associated with physical upgrades needed to accommodate
load growth. Operational expenditures (O&M), administrative
adders, and other utility overheads are intentionally excluded,
consistent with the derived historical $per-kW of new peak load,
which reflects only capital investments directly attributable to
increased load. This feeder cost is then compared to the historical
investment empirically observed in the area UcHist(ρ̄). If a
feeder’s upgrade cost significantly exceeds historical rate of in-
vestments, the capacity of its overloading lines and transformers
is increased. Thus, with these new capacities, the feeder would
need less upgrades when a load growth ρ̄ is seen, and their
investment needs approximate UcHist(ρ̄). Conversely, when
Ucf (ρ̄) is lower than the historical, lines and transformer ratings
are decreased, in order to create overloading and consequent
investments in the presence of load growth ρ̄. Finally, in this
process of adjusting the investment needs to match the historical,
it is possible to simulate Nvar variations of the same feeder,
by randomly adding capacitors to the nodes and randomizing
the lines and transformers selected to increase or decrease their
rating. This approach results in a new set of investment-adjusted
feeders for each climate zone Fcz , with the same topology and
design of the original taxonomy feeders, Ft, but with different
equipment loading levels, which would make feeder investment
needs approximate the historical Ucf (ρ̄).

B. Modifying Feeder to Include County-Specific Building Data

Here we present a method to further extend the set of feeders
Fcz , tailoring them to a particular county, Fcounty . We achieve
this by associating to each node of the feeder set a group of
building load profiles representative of the county’s building
stock.

It is important to note that each taxonomy feeder is al-
ready associated with pre-established representation of build-
ing types [17], including specific configurations of residential
and commercial consumers. To create a maximum variety of
feeders with different building-type representations, while en-
suring that they remain realistic, the representative share of
each building type wτ

f in the feeder f is slightly modified as
ŵτ

f ← wτ
f · (1 + uτ

f ), where uτ
f is a random perturbation drawn

from a uniform distribution.
Considering the building stock representative of a particular

county, from datasets such as the NREL developed ResStock
and ComStock [24], a weighted multiset of building typesMT

f

is constructed for each feeder, where the proportion of each
building type τ is determined by the weighting factor ŵτ

f . The
sampling process involves two steps: first, a building type is
randomly selected from the multiset, and second, a specific
building profile is randomly sampled from the chosen building
type. This process is repeated until the cumulative peak load of
the selected building profiles matches the original feeder’s peak
load Pf . The result is a set of building profiles for each feeder
(Bf ), in which the representativeness of building types (ŵτ

f ) and

Algorithm 2: Heuristic to Obtain Overloading and Upgrade
Cost.

Input: Feeder f , reference load increase ρ̄, utility catalog
of capacitors, lines and transformers C.

Output: Total upgrade cost Uf
cost(ρ̄), Set of candidate

nodes for capacitor additions Nc, Set of branches with
violation Bviol.

1: Calculate load increase: l← l × (1 + ρ̄) for l ∈ Lf

2: Run power flow (PF) to obtain undervoltages and branch
violations: Nviol,Bviol ← PF (f,Lf )

3: for b ∈ Bviol do
4: bup ← argminbc∈Cbc{S(bc) > S(b)}
5: Ucf (ρ̄)← Ucf (ρ̄) + Cost(bup)
6: end for
7: Zv ← voltage zone clusters from Nviol

8: while Nviol �= ∅ do
9: for z ∈ Zv do

10: n← argminn∈z{Vpu(n)}
11: cupn ← argminn∈Nc

{Cap(cn)}
12: end for
13: Nviol ← PF (f,Lf ,Nc)
14: end while
15: Ucf (ρ̄)← Ucf (ρ̄) +

∑
n∈Nc

Cost(cupn )
16: return Ucf (ρ̄),Nc,Bviol
S represents the apparent power rating, Vpu represents the
voltage per-unit, and Cap represents the capacity of the
component.

the aggregated peak load are aligned with the taxonomy feeder
characteristics.

Next, it is necessary to distribute the building profiles among
the nodes of the feeder, while respecting the original peak load
of each node. This step can be formulated as an optimization
model that assigns each building to a node xb,n and minimizes
the overall nodal assignment error of the resulting load. The first
component of this error, εnf , is the relative difference between
the node’s active load and the aggregated power of the assigned
buildings at the time of the feeder peak tpeak, given by:

tpeak = max
t

⎧⎨
⎩

∑
b∈Bf

Lb(t)

⎫⎬
⎭

where Lb(t) represents the load of building b at time t, and Bf
is the set of buildings associated with the feeder. The second
component of the assignment error, δnf , is the relative difference
between the total peak load of the buildings connected to a node
n and the original active power of that node. Thus, these two
error components ensure that the buildings profiles selected for
each node approximate, as much as possible, the original load
both at the time of the local and system peaks.

Thus, given each feeder f representative of a climate zone
Fcz , we run the optimization model (4)–(8) to assign building
profiles characteristic of the county to obtain Fcounty .

Minimize
xb,n,εnf ,δ

n
f

∑
n

(εnf + δnf ) (4)
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s.t.: ∣∣∣∣Pn −
∑

b xb,n · Lb(t = tpeak)

Pn

∣∣∣∣ ≤ εnf , ∀n ∈ Nf (5)

maxt
∑

b xb,n · Lb(t)− Pn

Pn
≤ δnf , ∀n ∈ Nf (6)

εnf ≥ 0, ∀n ∈ Nf (7)∑
n

xb,n = 1, ∀b ∈ Bf (8)

It is important to note that, although this model minimizes the
discrepancies between original feeder and the new profile loads,
it is still possible that the building assignment introduces new
overloads and, consequently, the need for new upgrades, which
could change the assumptions discussed in Section II-A. Thus,
we quantify these additional baseline upgrade costs Ucbaseline

f

using the Algorithm 2 and will consider them later.

C. Feeder Population Representative of a County

At this point, we have a set Fcounty of taxonomy feeders that
approximate utility’s historical investments rates (from Section
II-A) and have their nodes associated with building profiles
sampled from the county’s building stock (from Section II-B).
However, the entire feeder set Fcounty does not match the load
of the county nor does it reproduces the total county investment
costs.

This section presents an optimization model to assign a fac-
tor to each taxonomy feeder in Fcounty , denoted as nf , that
describes the number of feeders of type f presented in a given
county. The objective is to ensure that the resulting population
of feeders matches the county’s aggregated energy consumption
and peak load. Furthermore, the aggregated historical investment
of the feeders should also correspond to the historical investment
of the climate zone in which the county is located. To achieve
this, we formulate the problem as an iterative Mixed-Integer
Linear Programming (MILP) model, presented in (9)–(15).

Minimize
nf ,rEcounty,r

L
county,r

Uc
ρ ,rEτ

α ·

⎛
⎝rEcounty + rLcounty +

1

|P |
∑
ρ∈P

rUc
ρ

⎞
⎠

+ β ·
∑
τ∈T

(
rEτ ·

Eτ
county

Ecounty

)
(9)

∣∣∣∣∣
∑

f∈Fcounty
nf · Ef − Ecounty

Ecounty

∣∣∣∣∣ ≤ rEcounty (10)

∣∣∣∣∣
∑

f∈Fcounty
nf · Lf (t

peak)− Lcounty(t
peak)

Lcounty(tpeak)

∣∣∣∣∣ ≤ rLcounty (11)

∣∣∣∣∣
∑

f∈Fcounty
nf · Ucf (ρ)− UcHist(ρ)

UcHist(ρ)

∣∣∣∣∣ ≤ rUc
ρ , ∀ρ ∈ P

(12)∣∣∣∣∣
∑

f∈Fcounty
nf · Eτ

f − Eτ
county

Eτ
county

∣∣∣∣∣ ≤ rEτ , ∀τ ∈ T (13)

∑
f∈Fcounty

nf · Ucbaseline
f ≤ Ucbaseline

previous · (1− γ), if i �= 0 (14)

rEcounty, rEτ , rLcounty, rUc
ρ ≥ 0 (15)

The objective function (9) minimizes the mismatch of energy
(rEcounty), peak load (rEcounty) and upgrade costs (rUρ ) between the
representative feeder population and the actual observed values
in each county. These are the primary errors to be minimized
and therefore given weight of α. A secondary objective, with
a weight of β is to reduce, as much as possible, the errors
associated with the energy per building type τ . The constraints
(10)–(13) define these errors as a function of the weight (nf ) of
each feeder in the population.

The optimization model employs an iterative approach to
minimize the total baseline upgrade cost while ensuring that
the deviation from the optimal objective value does not exceed a
predefined threshold δ. The reduction factor γ in the constraint
(14) dictates the percentage by which the baseline upgrade cost
must decrease in each iteration i. The term Ucbaseline

previous correspond
to the total baseline cost at the previous iteration and is calculated
as:

Ucbaseline
previous =

∑
f∈Fcounty

nf,previous · Ucbaseline
f

where nf,previous represents the results from the previous itera-
tion.

As a result of the optimization model, a weight nf is defined
for each feeder in Fcounty . The resulting Weighted Feeder Set
WFScounty is defined as the subset of Fcounty containing the
feeders with a non-zero weight nf .

WFScounty = {f ∈ Fcounty|nf �= 0}

III. RESULTS

This section presents three key results from the study: First,
it details the data sources considered. Second, it introduces
the developed Weighted Feeder Set for Alameda County, CA
(WFSAlameda), which can be accessed in [25], and provides a
comparison with actual county data to assess its representative-
ness. Finally, it outlines the total distribution costs for Alameda
County in the context of building electrification scenario, calcu-
lated using WFSAlameda.

A. Data Sources

1) Climate Zone Specific Taxonomy Feeders: A study by
PNNL [17] developed a taxonomy of 24 prototypical radial
distribution feeders for the U.S., designed to reflect key at-
tributes of distribution systems across five major climate regions.
These feeders, categorized into three voltage classes (12.47 kV,
25.00 kV, 35.00 kV), incorporate climate-driven heating and
cooling demand patterns that influence feeder design. While
radial feeders represent typical rural systems, they exclude urban
topologies (e.g., networked grids in large cities). In the PNNL
taxonomy, the Marine climate zone lacks large urban feeder
models; however, we address this limitation by including the
IEEE 342-Low Voltage Network Test System (LVNTS) [26], a

Authorized licensed use limited to: Lawrence Berkeley National Laboratory. Downloaded on August 31,2026 at 18:39:18 UTC from IEEE Xplore.  Restrictions apply. 



SERES AND HELENO: US REPRESENTATIVE FEEDER SETS FOR DISTRIBUTION GRID ECONOMICS AND POLICY APPLICATIONS 111

TABLE I
TAXONOMY FEEDERS FOR THE MARINE CLIMATE ZONE (‘R1’ STANDS FOR

‘REGION 1’ AND ‘GC’ FOR ‘GENERAL CATEGORY’)

TABLE II
REGRESSION COEFFICIENTS, R2 VALUES, AND COST PER NEW KW FOR

DIFFERENT GROWTH RATES IN EACH CLIMATE ZONE

highly meshed, unbalanced 120/208 V urban network with eight
13.2 kV primary feeders supplying a 50 MVA load.

This study focuses on capturing the economic costs associated
with feeder infrastructure rather than replicating their physical
characteristics or topologies. Table I gives a summary of the
feeders associated with the Marine climate zone.

2) Financial and Operational Data From IOUs: Financial
and operational data are sourced from FERC Form 1, covering 99
major U.S. IOUs. The dataset includes historical cost and capac-
ity data from 2000 to 2007, a period of significant electricity sales
growth [23]. The analysis assumes non-IOUs (e.g., municipal
utilities, co-ops) follow regional IOU investment trends, though
this introduces potential bias due to exclusion of public utility
data. Within this framework, CapExkW,i,t represents capital
investment in conductors and transformers per kilowatt for utility
i in year t. Utilities are classified by climate zone, and the rate
R—the additional investment per new kilowatt of capacity—is
computed for each zone, as detailed in Table II.

The investment rate results have been corroborated with exter-
nal data, specifically for Alameda County, CA. The E3 report for
the California Public Utilities Commission [27] lists a long-term
distribution capacity marginal cost of 57.3 $/kW for PG&E,
which serves this specific county. This figure is consistent with
the calculated rate of 58.84 $/kW (corresponding to a 5% growth
rate) for the Marine climate zone, confirming alignment with
real-world utility data for this region.

3) Distribution Assets Costs: The Distribution Grid Integra-
tion Unit Cost Database [28], published by NREL, contains a set
of unit distribution grid upgrades, including traditional forms of
reconductoring and transformer capacity upgrades for different
locations in the US. The database includes costs of transformers,
cables, lines, voltage regulators, capacitor banks, storage assets,
among others.

4) County-Specific Building Samples: The ResStock and
ComStock datasets, developed by NREL, provide represen-
tative building samples and associated load profiles for each
county. ResStock focuses on residential buildings, detailing
characteristics like home type (e.g., single-family, multi-family)
and equipment, while ComStock models commercial buildings,
covering activity types (e.g., office, restaurant) and technologies.
Industrial buildings are excluded from ComStock’s scope and
were not included in this study. Additionally, both datasets do
not account non-building loads such as EVs and distributed
energy resources (DERs), which may require consideration in
future analyses. Both datasets use the Actual Meteorological
Year (AMY) 2018 for energy modeling, with the latest releases
being ResStock 2022 Release 1 and ComStock 2023 Release 2.

5) County-Specific Energy Consumption and Peak Load:
The ResStock (residential) and ComStock (commercial)
datasets provide aggregated end-use load profiles by sector and
building type (e.g., single-family homes, offices). Total county-
level electricity consumption is calculated by summing these
profiles across all timesteps, while peak load is identified as the
maximum load value. These profiles also enable granular cal-
culations of consumption and peak load for individual building
types within each sector.

B. Representative Feeder Set of Alameda County, California

Alameda County, California, was selected as a case study due
to its location in the Marine climate zone, with representative
feeders from this zone forming the initial set Ft. Feeder R1-
25.00-1 was excluded from the analysis because industrial loads
accounted for over 96% of its total load, which falls outside the
scope of this study focused on residential and commercial build-
ing electrification. Historical data on investment rates, build-
ing samples, energy consumption, and peak load for Alameda
County were collected from the data sources mentioned earlier.

This section provides an overview of the characteristics of the
generated sets: Fcz , Fcounty , and WFSAlameda, as described
in Section II. It also compares WFSAlameda with actual county
data to assess the accuracy of the proposed methodology in
representing the energy consumption and economic features of
Alameda County.

1) Obtaining Feeders That Reproduce Investment Rates Ob-
served in the Climate Zone Fcz: As described in Section II, we
produced around 100 variations of each feeder in the climate
zone taxonomy set Ft, by modifying their assets to achieve
investment rates aligned with the ones historically observed. It
is important to note that the objective is not to exactly match that
rate for every single feeder, but to create a diversity of feeders
with investment rates around the historical. Fig. 2 illustrates the
distribution of investment rates for the modified feeders in Fcz ,
grouped by their corresponding initial feeder taxonomy in Ft.

The box plots in Fig. 8 demonstrate that modified feeder
investment rates adjust toward the historical rate for the climate
zone (blue dashed line). When the initial feeder’s rate (green
cross) exceeds the historical rate, modified feeders are generally
generated with lower rates; and they are adjusted upward when
the initial rate falls below. While deviations can occur due to
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Fig. 2. Boxplot of modified feeders’ investment rates ($/kW), categorized by
the initial feeder Ft.

Fig. 3. Distribution of populated feeders’ peak loads compared to the peak
loads of their corresponding initial feeders in Ft.

randomness in the feeder generation process, these adjustments
ensure closer alignment with historical investment patterns.
Each box plot has different ranges, indicating that the diversity of
investment rates that can be generated is specific to the topology
of the initial feeder.

2) Formation of County-Specific Feeder Set Fcounty: Each
feeder inFcz is populated with a set of buildings, denoted asBf ,
such that the aggregated peak load of these buildings matches
the feeder’s peak load. This process results in the formation of
the setFcounty . Fig. 3 presents the distributions of the populated
feeders’ peak loads compared to the feeder’s peak load for each
initial feeder inFt.The Average Feeder Load Accuracy (AFLA)
is calculated to quantify the accuracy of this matching. This
metric represents the average, across all populated feeders of
the same type, of the relative difference between the total active
power of the feeder Pf and the aggregated load of all buildings
at the time the feeder experiences its peak. It can be expressed
as:

AFLA (%) =
1

Nf

Nf∑
i=1

∣∣∣∣∣
∑

b∈Bf,i Lb(t
peak)

Pf

∣∣∣∣∣ (16)

The results presented in Table III indicate that the AFLA
values are consistently high across all feeder types, with most
values exceeding 97% . This demonstrates that for each feeder

TABLE III
STATISTICS SUMMARY FOR POPULATED FEEDERS

Fig. 4. Comparison of the distribution of assigned loads (across 98 populated
feeders) and node active power capacities, for a subset of feeder R1-12.47-1
nodes.

f in Fcounty , the aggregated peak load of the selected set of
buildings Bf effectively matches the feeder’s total peak load.

The buildings in Bf are assigned to specific nodes of the
feeder through the optimization process described in Section
II-B). Fig. 4 shows the distribution of the buildings’ loads
at the time of the peak assigned to a node versus the given
active power of the node Pn across a subset of the nodes of
the initial feeder R1-12.47-1, as an example. This visualization
helps to compare the actual loads assigned to each node with the
maximum available active power. To assess the accuracy of the
building-to-node assignment methodology across all populated
feeders, the Average Node Load Accuracy (ANLA) can be
calculated. This metric represents the average node matching
accuracy across all nodes and all populated feeders of the same
type. The ANLA can be calculated separately for residential
nodes, commercial nodes, or all nodes combined. It can be
expressed as:

ANLA (%) =
1

Nn

Nn∑
n=1

Average accuracy for node n︷ ︸︸ ︷⎛
⎝ 1

Nf

Nf∑
f=1

(
1− εnf

)
× 100

⎞
⎠

where Nf is the number of populated feeders of the same type,
Nn is the number of nodes considered in each feeder (residential
only, commercial only, or both), and εnf is the relative assignment
error for the n-the node in the f -th feeder, calculated as in
Section II-B.
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Fig. 5. Feeder weights in WFSAlameda.

The ANLA values in Table III indicate high accuracy for
residential nodes across all feeders, with values consistently
exceeding 95% . This high accuracy reflects the effectiveness
of the building-to-node assignment methodology for residential
buildings, due to its relatively low power. In contrast, the ANLA
values for commercial nodes are notably lower, particularly
for feeders R1-12.47-2, R1-12.47-3 and LVNTS, due to the
magnitude and heterogeneity of loads in commercial buildings,
which makes them harder to match with distribution nodes.
Overall, the ANLA calculated for all nodes combined remains
high, with values exceeding 91% for most feeders. This high
accuracy is primarily due to the predominance of residential
nodes in most feeders.

3) Selection of Optimal Weighted Feeders Set (WFScounty):
The optimization model outlined in Section II-C is used to select
a subset of feeders from the generated set Fcounty by assigning
corresponding weights to the feeders in the pool determined
above. The primary objective of this selection process is to min-
imize the discrepancy between county-level characteristics and
those represented by the feeders in WFScounty . The character-
istics considered included total energy consumption, peak load,
historical rate of investment, and, with lower priority, energy
consumption per building type. The weights of the optimization
function are therefore assigned as follows:α = 1, andβ = 10−2.
The model is run iteratively, reducing the baseline upgrade cost
by half between each iteration by setting γ = 0.5, until the
objective value differs by more than 10% (δ = 10%) from the
previous iteration.

The final WFSAlameda comprises 16 selected feeders. Fig. 5
shows their weights and origin taxonomy feeder types. There is
notable variability in the weights assigned to each feeder. For
instance, the WFS includes one R1-12.47-1 feeder (count 1),
four R1-12.47-2 feeders (counts 1–32-63-186), and a mix of
R1-12.47-3 (counts 2–14-51-108-127) and R1-12.47-4 (counts
10-33) feeders. The inclusion of two LVNTS feeders (count 2)
provides a networked urban topology, capturing characteristics
absent in radial feeders. Overall, the optimization effectively
combines feeders of different sizes and topologies to form
a WFS that reflects Alameda County’s energy and economic
constraints.

TABLE IV
METRICS COMPARISON: WFSAlameda VS. ACTUAL ALAMEDA COUNTY

DATA, WITH INVESTMENT RATE FOR A 10% LOAD INCREASE

Fig. 6. Energy consumption per building type: WFSAlameda vs. Actual
Alameda County Data.

Fig. 7. Objective value vs. Number of feeders in Fcounty .

The results presented in Table IV show that WFSAlameda

aligns closely with Alameda County’s total energy consumption,
total peak load, and investment rate, with relative errors below
0.3% . Fig. 6 also shows that, beyond these aggregate results,
the WFSAlameda can also replicate the energy of the individual
buildings types of each county. However, discrepancies arise
for “Warehouse,” “Hospital,” and “Small-Hotel” building types,
which have high individual loads but are sparsely represented
in the county. These characteristics makes the final match more
dependent on the original pool of buildings of this type. We
note that both the peak load and total energy used to evaluate
the WFS exclude industrial energy, which is not represented in
the ResStock or ComStock datasets. This limitation should be
considered when interpreting the WFS performance, particularly
in counties with significant industrial demand.
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Fig. 8. Objective value and baseline upgrade cost vs. optimization model
iterations.

Fig. 7 illustrates how the number of feeder variations gener-
ated in Fcounty influences the accuracy of the final selection in
WFS. More feeders variations in Fcounty means more diversity
in terms of loads, building types and capital costs, which allows
to optimization model to find combinations of feeder weights
that can more accurately represent the county. However, for very
large sizes of Fcounty (more than 300 feeders), the added value
of new feeders decreases and the improvements in accuracy may
not justify the computational time to generate and select more
feeders.

Fig. 8 shows the relationship between the objective value
and baseline upgrade cost across iterations. The optimization
process terminates at iteration 3, setting iopt = 3, as the 10%
improvement threshold is exceeded in iteration 4. This results
in an optimal baseline upgrade cost of $1.8 million.

Computational experiments were conducted on a worksta-
tion with an Apple M2 chip, 8-core CPU (4 performance + 4
efficiency cores), and 16 GB of unified memory. The most time-
consuming step is building the MILP for assigning buildings
to feeder end-nodes (Section II-B), as the number of variables
increases with the feeder’s number of nodes and peak power.
For large feeders, constructing this model can take several
minutes, whereas smaller feeders are processed in just a few
seconds. In contrast, the MILP for selecting the optimal feeder
subset and assigning weights (Section II-C) is relatively fast,
typically converging within a few minutes, with a maximum of
10 iterations in this study.

C. County Distribution Grid Investment: A Case Study

This section explains how the WFScounty can be used to
estimate the investment needed in distribution grid assets to
meet growing electricity demand. In order to provide realistic
forward-looking projections, we focus on Alameda County and
construct scenarios that reflect state-level policy targets and
technology adoption trends. These scenarios are then used to
estimate the grid upgrades required to accommodate projected
demand increases.

1) Forward-Looking Electricity Consumption: We begin by
projecting future demand conditions for 2030 in Alameda

TABLE V
ADOPTION RATES OF HEAT PUMPS (HP) AND ELECTRIC VEHICLES (EV) IN

RESIDENTIAL UNITS FOR ALAMEDA COUNTY IN 2030

Fig. 9. Projected peak day electricity consumption in Alameda County under
baseline (observed load) and the three demand scenarios.

County, guided by two key statewide adoption targets: heat
pumps (HPs) and electric vehicles (EVs).

California has set a goal of installing 6 million heat pumps [29]
and deploying 7.1 million light-duty plug-in EVs [30] across
its 14.5 million residential units by 2030. Assuming adoption
is distributed uniformly across the state, this corresponds to
an estimated 41% of households in Alameda County adopting
heat pumps and about 50% adopting EVs. For EVs, we further
assume at most one vehicle per household.

To capture different potential adoption levels, we consider
three scenarios combining heat pump adoption with varying EV
adoption rates (0% , 25% and 50% ) in residential units. Table V
summarizes the three scenarios, showing the adoption rates of
heat pumps and EVs in residential units to consider.

The data sources used to build these scenarios are as fol-
lows: heating and cooling load profiles for HP adoption were
derived from the ResStock measure package “ENERGY STAR
Air-to-Air Heat Pump With Electric Backup” [24]; EV charging
load profiles were obtained from the Ochre database, sampling
1,000 household-level charging behaviors, with 85% battery
electric vehicles (BEVs) and 15% plug-in hybrid electric ve-
hicles (PHEVs).

Fig. 9 presents the peak day electricity consumption in
Alameda County under four scenarios: the baseline (observed
load) and the three demand scenarios outlined in Table V. The
peak occurs during summer when cooling demand is greatest.
In the heat pump (HP) adoption scenario, peak load increases
by approximately 4% . Because heat pumps provide cooling,
electricity consumption rises particularly in households that pre-
viously lacked air conditioning, thereby adding stress to the grid.
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Fig. 10. Analysis of asset upgrades and additions for scenario 3.

When electric vehicle adoption is combined with HP adoption,
charging demand further amplifies peak loads, by 27% under
25% EV adoption and 42% under 50% adoption. The peak loads
are concentrated in the evening when residential charging is most
common. Since the peak occurs around 7 pm, solar PV would
contribute little to reducing these peaks, while battery discharge
and other DERs could help mitigate them. The integration of
such technologies is left for future extensions of this work.

2) Distribution Grid Investment Upgrade Costs: To cal-
culate the counts and associated costs of asset upgrades or
additions, residential building load profiles were adjusted con-
sidering HP and EV adoption, and the Algorithm 2 was ap-
plied to determine feeder-level investment using an OpenDSS
power flow analysis for the peak electricity consumption day in
Alameda County. Although upgrade costs were computed for

all scenarios, we highlight Scenario 3 here, as it represents the
2030 adoption projections.

Fig. 10(a) illustrate the total number of upgrades necessary
for each feeder in WFSAlameda to operate without violations
under the 2030 load projections (scenario 3), and Fig. 10(b)
shows the corresponding annualized costs of these upgrades.
Fig. 10(c) aggregate the results across all feeders, incorporating
the weight of each feeder to calculate the total number of asset
upgrades required for each type (line, transformer, capacitor)
and the resulting total annualized cost at the county level.

Based on these results, the adoption of HPs and EVs planned
for 2030 in Alameda County leads to violations across all
residential feeders of WFSAlameda. Commercial feeders orig-
inating from GC-12.47-1 do not experience load increase on
peak day since the HP adoption is only considered for residential
units. Feeders that originate from the same initial feeder tend to
exhibit similar types of investment.

When considering the total number of grid upgrades across
all feeders and their respective weights, capacitor additions
account for 50% , transformer reinforcements for 30% , and
line reinforcements for 20% . In terms of total costs, based on
asset cost assumptions, line reinforcements represent the largest
expense, comprising approximately 80% of the total investment
required for this scenario, while capacitor upgrades account for
about 18% .

For the other scenarios, the final distribution of asset invest-
ments in the WFS remains similar to those in scenario 3. In
terms of annualized upgrade costs, scenario 1 amounts to 3
million USD, scenario 2 reaches 15.5 million USD, and scenario
3 reaches 22 million USD. This significant increases in scenario
2 and 3 highlight the direct impact of high EV adoption rates on
distribution infrastructure costs.

This analysis illustrates how to leverage the representative
feeder set to estimate distribution upgrade costs at the county
level. The impact of HP and EV adoption can be evaluated on
the feeders in WFSAlameda to project the effects for Alameda
County. It is important to note that these estimates do not
represent the total future costs, as they do not account for future
load-decreasing factors such as load-decreasing DERs like PV
systems and battery.

IV. CONCLUSION

In this work we demonstrated that by modifying taxonomy
feeders, without compromising their original electric designs
(in terms of topology and peak loads), it is possible to form
sets of feeders that can accurately replicate the energy, power
and distribution system costs of a county. These feeders sets
can be used in forward-looking economic and policy studies
to consistently capture distribution grid costs in future scenar-
ios of load growth without historical precedent and for which
empirical models, based on past utility investment records, are
not applicable. Future work could extend this methodology to
incorporate industrial loads and DERs, enabling the feeder set
to better represent the diversity and flexibility of load types in
each county and support the analysis of additional electrification
scenarios.
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