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ABSTRACT

The integration of solar photovoltaic (PV) and wind turbine (WT) systems into distribution electric power systems presents challenges in
steady-state operational performance (i.e., voltage and thermal loading) and capacity management, particularly under varying generation pat-
terns. This study quantifies the interplay between PV and WT systems by first analyzing their time-series signal correlation coefficients over a
full year of operation. These coefficients provide a basis for identifying locations with distinct PV–WT interaction patterns. Using Quasi-
Static Time Series power flow simulations across representative locations and varying Distributed Energy Resource (DER) penetration levels,
hosting capacity (HC) simulations then quantify the combined impacts of PV and WT. The simulation results indicate that correlation coeffi-
cients can serve as indicators of potential line loading trends but are less effective in anticipating voltage violations, underscoring the com-
plexity of steady-state HC analysis. As expected, non-concurrent generation—wind at night and solar during the day—mitigates operational
stress, though this behavior occurs only in limited U.S. locations. The outcomes from this methodology, when applied to specific territories
and feeders, provide a systematic means of identifying representative locations and quantifying combined PV–WT HC impacts. These results
can directly support integration planning, resource siting, and DER dispatch strategies.

VC 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license (https://
creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0264545

I. INTRODUCTION

The integration of renewable energy resources into distribution
electric power systems (EPS) presents significant challenges, particu-
larly in managing grid stability, capacity, and operational variability.1

To address these challenges, utilities conduct grid impact analyses dur-
ing the interconnection permit stage to evaluate the effects of new dis-
tributed generation (DG) resources.2,3 However, many studies analyze
these systems in isolation, focusing on individual renewable technolo-
gies. This research bridges this gap by investigating the combined
impacts of solar photovoltaic (PV) and wind turbine (WT) generators
on EPS distribution grids.

While previous hosting capacity (HC) studies have extensively
evaluated PV andWT systems independently,4 few have explored their
concurrent and non-concurrent behaviors under varying temporal
and seasonal conditions on the same distribution grids. Furthermore,

limited attention has been given to how different levels of coincident
generation influence grid performance. These gaps are critical since
realistic weather patterns, DG models, and Quasi-Static Time Series
(QSTS) simulations provide a more accurate depiction of system inter-
actions when PV andWT operate together.5

This study has two primary objectives:

1. Analyze the correlation between PV and WT outputs to charac-
terize concurrent and non-concurrent generation behaviors.

2. Evaluate the combined impacts of PV and WT on grid perfor-
mance across different times of the day and seasons under vary-
ing penetration levels and geographic locations.

To achieve these objectives, the study is structured into two key
components: (1) an evaluation of WT and PV output signals and (2) a
power grid impact analysis.
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First, a correlation analysis, as described in a recent publication
by the same authors,6 computes a correlation coefficientVR to quantify
the alignment between PV and WT output signals at each location.
Prior work used the R values to define WT and PV operational zones,6

whereas this study extends that analysis to evaluate the grid impacts at
locations with varying R values.

Evaluating grid impacts at every location across the U.S. would be
computationally prohibitive. To address this, a clustering technique is
applied to the R values to identify representative sites. The most repre-
sentative sites (i.e., cluster centroids) are selected for power simulations
to quantify grid impacts. These sites serve as proxies for regions with
similar PV–WT correlation characteristics.

Second, the grid impact analysis employs QSTS simulations to
evaluate different PV and WT penetration levels over a full year of
operation. These simulations incorporate realistic weather and load
profiles for each U.S. location, providing a comprehensive assessment
of renewable energy impacts on the power grid. The results examine
whether correlation analysis can serve as an indicator of potential grid
impacts—such as voltage changes or line and transformer loading—
under different PV–WT interaction patterns. While the feeder model
is held constant in this study, the correlation values highlight renew-
able generation behaviors that can influence HC outcomes.

In summary, this paper details the methodology and presents a
sample implementation using data from the Continental U.S. The
results demonstrate the approach’s effectiveness in assessing and quan-
tifying the combined operations of PV and WT systems on distribu-
tion grids. By analyzing eight distinct operational scenarios, this study
provides insights that utilities and policymakers can leverage to opti-
mize energy dispatch strategies, enhance grid reliability, and support
the efficient integration of DG resources.

II. BACKGROUND

Research on the integration of distributed PV and WTs into
distribution EPS spans multiple topics, including grid performance,
HC, and protection coordination.7 Utilities rely on HC analyses and
planning evaluations to mitigate potential disturbances.8 To quantify
the impact of distributed generation (DG) resources, researchers
have developed deterministic, stochastic, and time-varying HC
methodologies.4,9

Deterministic and static HC analyses assess power systems under
predefined conditions, assuming constant load and generation levels.
While these simulations provide valuable insights—such as identifying
PV penetration limits based on voltage and current constraints10—
they fail to account for uncertainties in weather variability, spatial dis-
tribution, and penetration levels.11

To address these limitations, probabilistic and scenario-based
methods have been developed, incorporating uncertainty into DG inte-
gration analyses. These approaches consider fluctuations in PV and
WT outputs,12 with some employing advanced techniques such as
Bayesian optimization to improve HC assessments.13 Other studies
explore the effects of varying DG placements and penetration levels,
including applications like electric vehicles (EVs)14 and PV systems.15

Time-varying assessments, particularly QSTS simulations, offer a
more dynamic evaluation of load and generation variability. These
simulations help identify critical operational challenges such as voltage
unbalance and overloading, which are exacerbated by the simultaneous
integration of PV andWT systems.9,16

PV and WT generators are often regarded as complementary
energy sources, with PV systems providing peak output during day-
light hours and WTs generating power at night. This temporal com-
plementarity mitigates fluctuations in individual renewable outputs,
reducing overall variability and enhancing grid performance and com-
pliance.17,18 While some studies have analyzed this complementarity
using correlation techniques,19,20 few have directly assessed its implica-
tions for power system performance.

A key challenge in evaluating the simultaneous integration of
multiple Distributed Energy Resources (DERs) has been the availability
of high-resolution spatial and temporal data. Recent advancements
from the National Renewable Energy Laboratory (NREL) now provide
extensive datasets that enable more detailed studies of hybrid PV and
WT system implementations.21 Despite these advancements, research
on hybrid DER operations at the distribution grid level remains lim-
ited, particularly for small-scale PV andWT systems distributed across
multiple locations. This study addresses this gap by leveraging
advanced QSTS simulations and NREL’s high-resolution data to assess
the combined impacts of PV andWT systems on EPS performance.

Despite these advancements, research on hybrid DER operations
at the distribution grid level remains limited, particularly for small-
scale PV and WT systems distributed across multiple locations. Most
HC methods either evaluate PV and WT in isolation or rely on
exhaustive QSTS studies of all possible sites, which is computationally
prohibitive. To address these deficiencies, this study introduces a
correlation-based clustering methodology that identifies representative
sites based on PV–WT interaction patterns. By jointly evaluating PV
and WT generation in QSTS hosting capacity simulations, our
approach captures interaction effects that isolated analyses overlook
while substantially reducing computational effort. This enables utilities
to more efficiently anticipate when combined resources exacerbate
grid stress or provide complementary benefits, directly supporting
planning and siting decisions.

III. ANALYSIS METHODOLOGY

This assessment is structured around two primary thrusts, illus-
trated in Fig. 1, which collectively aim to evaluate the combined
impacts of PV and WT systems on distribution grids. The analysis
begins by examining signal correlations between PV and WT outputs
to characterize their concurrent and non-concurrent generation pat-
terns. This step is critical for identifying temporal overlaps and their
implications for grid performance while also guiding the selection of
representative sites for simulation.

Using the correlation analysis results, a K-means clustering algo-
rithm categorizes sites based on their distinct temporal generation
behaviors. This categorization ensures that representative locations
with unique PV and WT characteristics are selected, thereby minimiz-
ing redundant computational efforts. The selected profiles and pene-
tration levels for PV and WT resources are then integrated into a grid
simulation environment. Iterative simulations, which vary penetration
levels, provide insights into the impacts of different concurrent pat-
terns on hosting capacity, voltage stability, and grid reliability.

Sections IIIA–IIIC provide a detailed description of the method-
ology, including an overview of weather data (Subsection IIIA), analy-
sis algorithms (Subsection IIIB), and hosting capacity simulations
(Subsection III C). A demonstration use case implementation is pre-
sented in the results section to validate the methodology’s
effectiveness.
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A. Spatial–temporal weather and load data

NREL’s Highly Scalable Data Service (HSDS) provided access to
the Wind Integration National Dataset (WIND),22 offering wind
resource information across the U.S. at a 2� 2 km2 spatial resolution
and 1-h intervals. To reduce computational complexity while retaining
sufficient spatial granularity, the dataset was down-sampled to a
60� 60km2 resolution. This adjustment balances the need for detailed
wind resource data with the feasibility of processing the large dataset.

Load data were sourced from OpenEI’s End-Use Load Profiles for
the U.S. Building Stock dataset,23 which provides hourly demand pro-
files for residential, commercial, and industrial sectors across diverse
climate zones. These load profiles were geographically matched to
locations identified through the correlation clustering analysis, ensur-
ing alignment between generation and demand patterns. By integrat-
ing these datasets, the study captures the spatial and temporal
dynamics of renewable generation and grid consumption, enabling
realistic simulations of grid impacts.

B. Concurrent operations of wind and solar

To evaluate the interaction between WT and PV systems, this
study examines their generation signals using Pearson correlation anal-
ysis. The R quantifies the degree of synchronicity between these
resources, with values categorized as positive (R > 0), negative
(R < 0), or close to zero (R � 0). Positive correlations indicate simul-
taneous generation, which could exacerbate grid constraints, while
negative correlations suggest complementary behavior that spreads
generation to all hours of the day. Values near zero indicate that the
two resources operate independently with minimal correlation.

1. Signal correlation

The simultaneous or non-simultaneous generation of electrical
power from PV and WT systems significantly influences grid opera-
tions. PV systems produce power exclusively during daylight hours
when sunlight is available, while WT systems can generate power dur-
ing both day and nighttime hours. In summary, the potentially com-
plementary behavior can expand local power generation to all hours of
the day, or the wind power generation will coincide with solar output,
depending on local meteorological conditions.

As a result, the integration of both PV and WT systems into dis-
tribution grids offers both opportunities and challenges. A key benefit
is the diversification of renewable energy resources, reducing reliance
on a single generation source. This combined operation may also
smooth the inherent variability of each resource, leading to a more sta-
ble and predictable power generation signal. However, simultaneous
generation can exacerbate grid challenges in regions with limited infra-
structure, potentially causing thermal overloading and voltage levels
that exceed American National Standards Institute (ANSI) limits,24

risking damage to connected equipment.
To understand the interaction between wind and solar power,

this study evaluates each time-series generation signal. The evaluation
uses Python’s NumPy correlation coefficient package,25 which com-
putes the Pearson correlation coefficient matrix, R, for the two one-
dimensional arrays X (solar generation) and y (wind generation). The
Pearson correlation coefficient is defined as

R ¼ covðX;YÞ
rX � rY ; (1)

where covðX;YÞ is the covariance between the time-series data X and
Y, and rX and rY are the standard deviations of X and Y, respectively.
The covariance is calculated as

covðX;YÞ ¼ 1
n� 1

Xn
i¼1

ðXi � �XÞðYi � �Y Þ; (2)

where n is the number of data points, Xi and Yi are individual observa-
tions, and �X and �Y are the mean values of X and Y, respectively. The
standard deviations, rX and rY , are computed as

rX ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn
i¼1

ðXi � �XÞ2;
s

rY ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn
i¼1

ðYi � �Y Þ2:
s (3)

The resulting R values provide insights into the temporal relation-
ship between PV and WT generation at different locations. The char-
acterization breaks the R down into three categories:

FIG. 1. Block diagram of the analysis
methodology for estimating concurrent
PV–WT operations and quantifying their
combined impacts.
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1. Positive correlation (R > 0): Indicates that wind and solar gener-
ation tend to occur simultaneously, which may exacerbate grid
impacts due to coincident power injections.

2. Negative correlation (R < 0): Suggests an inverse relationship,
where wind and solar generation tend to occur at different times,
potentially complementing each other and stabilizing grid
operations.

3. No correlation (R � 0): Reflects a lack of a consistent relation-
ship between wind and solar generation, with generation occur-
ring both concurrently and non-concurrently.

2. Location correlation coefficient categorization

To perform a thorough evaluation while minimizing redundant
simulations, this study employs a clustering approach to group loca-
tions with similar seasonal correlation behaviors. Specifically, the
K-meansþþ clustering algorithm clusters locations based on their R
for the four distinct seasons within a year.

The K-means algorithm was implemented in Python (scikit-
learn),26 which by default uses the K-meansþþ initialization method.
This improves convergence reliability compared with purely random
initialization. K-meansþþ is an unsupervised machine learning tech-
nique that partitions data points into clusters based on similarity.
Here, each data point represents a geographic location, characterized
by a four-dimensional feature vector containing seasonal R values.

Cluster quality was evaluated using both the elbow method
(within-cluster sum of squares) and silhouette score analysis. The
elbow method indicated diminishing returns beyond k � 6, while
silhouette scores stabilized around 0.20–0.25 for k¼ 4–15. Based on
these indicators, k¼ 8 was selected as a balance between capturing
diverse seasonal correlation behaviors and maintaining computational
tractability.

The clustering process begins by initializing k centroids
as the initial cluster centers. Each data point (i.e., xj) is then
assigned to the nearest cluster based on the Euclidean distance to
the centroids

Ci ¼ xj: jjxj � lijj2 � jjxj � lljj2 8 l ¼ 1; 2;…; k
n o

; (4)

where Ci represents the set of data points within cluster i, and li is the
centroid of cluster i. The algorithm then iteratively updates the cent-
roids by computing the mean of all points assigned to each cluster

li ¼
1
jCij

X
xj2Ci

xj: (5)

This iterative process continues until cluster assignments stabilize,
minimizing the within-cluster sum of squared distances:

minimize J ¼
Xk
i¼1

X
xj2Ci

jjxj � lijj2: (6)

Once clustering is complete, the geographic location of each clus-
ter centroid is identified and used for further analysis. The centroid
represents the most typical or “average” site within its cluster, ensuring
that the study captures diverse geographic and seasonal behaviors
while maintaining computational efficiency. By grouping locations
with similar seasonal R, this approach enables a detailed yet scalable

assessment of wind and solar interactions across a large dataset, pro-
viding a solid foundation for subsequent HC simulations.

C. Hosting capacity simulations

The HC simulations estimate the impact of PV and WT systems
at different times of the day and under various concurrent operational
patterns based on the location’s weather. Figure 1 illustrates this pro-
cess, which involves selecting representative sites, gathering input data,
and defining DER penetration levels. These grid simulations evaluate
the effects of different penetration levels on voltage stability, line load-
ing, and other performance metrics under diverse operational
scenarios.

This study considers the impact on the distribution feeder model
kept fixed across the test locations, while the PV and WT generation
profiles vary. The clustering process is therefore applied solely to group
locations with similar PV–WT correlation characteristics, reducing the
number of representative sites to be simulated. The approach does not
attempt to capture diversity in feeder topologies but instead focuses on
how temporal resource interactions influence hosting capacity on a
fixed feeder.

1. Site selection

The site selection process leverages the representative locations
identified in the clustering step (Sec. III B 2). These centroids capture
distinct seasonal PV–WT correlation behaviors, allowing the simula-
tions to efficiently evaluate grid impacts across diverse resource inter-
action patterns while minimizing computational redundancy.
Additional scope assumptions, including clarification that the distribu-
tion feeder model is held constant across all locations.

2. Input profiles and resource penetration levels

The HC simulations require weather profiles, load profiles, and
DER penetration levels, as depicted in the “Profiles & Penetration
Levels” block of Fig. 1.

Weather profiles for each selected site are obtained from the
NREL WIND22 and National Solar Radiation Database (NSRDB)28

datasets, providing hourly wind speed, irradiance, and temperature
data for a full year. Hourly load data from the OpenEI platform23 cap-
ture residential, commercial, and industrial demand patterns, ensuring
realistic grid consumption behavior. Penetration levels range from low
to high adoption scenarios, systematically applied to load locations
within the grid model.

3. Grid model hosting capacity simulations

The HC simulations use the SMART-DS distribution system
model,33 implemented in OpenDSS.32 The grid model integrates site-
specific weather and load data before configuring PV and WT systems
at varying penetration levels. Once the setup is complete, the HC simu-
lation proceeds as follows:

1. Assign DER penetration levels: PV and WT systems are allocated
to load nodes according to predefined penetration scenarios. The
spatial locations and sizes of DERs were initialized in this step
and then held constant across all simulations, ensuring that
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differences in hosting capacity outcomes arose solely from PV–
WT generation profiles rather than changes in siting.

2. Run QSTS simulations: A full year of QSTS simulations captures
seasonal and hourly variations in generation and consumption.

3. Analyze grid performance metrics: Voltage levels, line loading,
and other key performance indicators are evaluated to identify
potential violations of ANSI voltage standards and thermal
limits.

4. Hypothesis testing

These simulations test whether grid impacts depend on the corre-
lation between PV and WT generation, with different expectations
based on correlation type.

1. Positive correlation: Locations with simultaneous generation are
expected to exhibit the highest frequency of voltage violations
and thermal overloads due to coincident power injections.

2. Negative correlation: Locations with complementary generation
are hypothesized to experience fewer issues, as generation pat-
terns naturally balance each other.

3. No correlation: Locations with uncorrelated generation may dis-
play intermediate levels of impact, as simultaneous and non-
simultaneous generation patterns occur sporadically.

By systematically analyzing these scenarios, this study quantifies
the relationship between PV–WT correlation and grid hosting capac-
ity, providing insight into potential operational constraints and oppor-
tunities for optimizing DER integration.

IV. DEMONSTRATION ASSESSMENT

A demonstration assessment of WT and PV systems across the
U.S. evaluates the methodology’s effectiveness in analyzing and quanti-
fying grid impacts. This assessment consists of two interconnected
components: (1) a concurrent operations analysis to identify temporal
generation patterns and (2) hosting capacity simulations to assess grid
impacts under varying scenarios. Table I summarizes the datasets used
in this evaluation.

The case study spans a full year of operations across the
Continental U.S., using representative locations to balance computa-
tional efficiency with comprehensive geographic coverage. By selecting
this subset of sites, the analysis ensures that diverse wind and solar
generation characteristics are captured, enabling a detailed evaluation
of how different levels of wind–solar correlation influence grid hosting
capacity.

A. Wind and solar power system simulations

This study models WT power generation using Python’s windpo-
werlib,30 a widely used library for simulating wind energy systems.34

WT power output is estimated based on the power curve of a Bergey
Excel 10 8.9 kW turbine.35 The power curve defines the relationship
between wind speed and power generation, enabling accurate simula-
tion of WT behavior under diverse wind conditions.

PV power generation is simulated using NREL’s PVWatts model,
implemented in Python’s PVLIB package.36 This model accurately pre-
dicts grid-connected PV performance using real-world solar radiation
and temperature data.29 The direct current (DC) power (PDC) output
is computed using the following equation:

Pdc ¼
Gpoa

1000
Pdc0ð1þ cpdcðTcell � Tref ÞÞ; (7)

where Gpoa is the plane-of-array irradiance (W/m2), Tcell is the module
temperature, Tref is the reference temperature (25 �C), Pdc0 is the
system’s nameplate DC rating, and cpdc is the temperature coefficient
(1/�C). To ensure consistency in grid simulations, the PV system’s
capacity was set to 8.9 kW, matching that of the simulated WT.

B. Correlation categorization

Using the WT and PV models described above, simulations were
conducted for locations across the Continental U.S. R values were
computed for each location across the four seasons: winter, spring,
summer, and fall. These seasonal correlations, shown in Fig. 2, high-
light the temporal relationships between wind and solar power
generation.

1. Correlation results

The heatmaps in Fig. 2 illustrate the spatial variations in PV and
WT generation signals. Blue regions indicate negative correlations,
where PV and WT generation tend to occur at different times, while
red regions indicate positive correlations, signifying simultaneous gen-
eration. Key observations of these heatmaps include:

1. Winter and fall: Negative correlations dominate, especially in
western regions, indicating that wind and solar generation often
occur at different times.

2. Spring and summer: Positive correlations are more prevalent,
particularly in the Midwest and Eastern states, where concurrent
PV and WT generation is common.

3. Western U.S.: While negative correlations are frequent through-
out the year, the magnitudes are generally small, suggesting that
non-concurrent generation is not strongly pronounced.

These spatial and temporal variations emphasize the importance
of understanding concurrent and non-concurrent generation patterns
when integrating PV andWT systems into distribution grids.

2. Clustering analysis results

To streamline the analysis and reduce computational demands, a
K-meansþþ clustering algorithm was applied to group locations
based on their seasonal R. Clustering was performed using these sea-
sonal R values as input features, represented as

f“feature 1”: “R_winter”,

“feature 2”: “R_spring”,

“feature 3”: “R_summer”,

“feature 4”: “R_fall”g

The clustering process produced eight distinct categories, which
are visualized in Fig. 3. The choice of eight clusters was supported by
both elbow and silhouette analyses, which showed diminishing returns
in within-cluster variance reduction beyond k � 6 and stable silhou-
ette values across k¼ 4–15. Each category groups locations with
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similar seasonal correlation behaviors, ensuring that diverse geo-
graphic and temporal patterns are represented. To further reduce com-
putational effort, the centroid (l) of each cluster was selected as the
representative site for subsequent hosting capacity simulations. These
representative locations, labeled A–H in Fig. 3, encompass a wide
range of operating conditions across the U.S.

The seasonal PV vs WT R for the representative sites are summa-
rized in Table II. Each row describes the K-means cluster category, the
corresponding location (labeled A–H in Fig. 3), and the computed sig-
nal correlation values for each season. This table provides detailed
insights into the correlation patterns at each location:

1. Positive correlations: Locations such as A and D exhibit higher
positive R values during spring and summer, indicating frequent
concurrent generation.

2. Negative correlations: Locations like G and H demonstrate nega-
tive correlations, particularly in summer, when wind and solar
generation often occur at different times.

3. Mixed patterns: Some locations, such as B and C, show a mix of
positive and near-zero correlations, reflecting variability in sea-
sonal generation behaviors.

These representative sites capture the diversity of correlation behav-
iors, providing a robust basis for evaluating grid impacts under differ-
ent generation patterns.

C. Electric power grid models

The electric power grid model used in this study, shown in Fig. 4,
represents a residential feeder system. This model is part of the SMART-
DS repository,33 a collection of synthetic grid models designed to replicate
real-world distribution networks. For this demonstration, the Santa Fe
feeder model, designated as “uhs01247–udt4776,” The feeder designation
is taken directly from the SMART-DS file set corresponding to Santa Fe,
NM. To avoid confusion, this simulation effort used the exact alphanu-
meric feeder identifier as provided in the dataset files.

TABLE I. Data used to achieve the two objectives.

No. Objective type Wind data Weather data Load data PV model WT model Grid model

1 Concurrent
operations

NREL Wind Resource
Database27

National Solar
Radiation Database

(NSRDB)28

N/A PVWatts29 windpowerlib30 N/A

2 Hosting capacity NREL Wind Resource
Database27

National Solar
Radiation Database

(NSRDB)28

Open Energy Data
Initiative (OEDI)31

OpenDSS32 OpenDSS32 SMART-DS33

FIG. 2. Seasonal correlation coefficientsVR of PV and wind generation. Positive values indicate concurrent generation, negative values indicate non-concurrent generation, and
near-zero values indicate mixed patterns.
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The feeder model includes a substation (bottom left of Fig. 4) that
connects the distribution network to the transmission grid, which is
modeled as an infinite source to ensure a stable power supply. The dis-
tribution system serves 1746 primarily residential loads, with a total
peak demand of 9868 kW and an average maximum load per customer
of 5.65kW.

To support voltage regulation, the system includes two capacitors
rated at 12.47 kV with capacities of 600 and 450kvar. Additionally,
601 transformers connect the primary distribution lines to lower-
voltage secondary lines, ensuring compatibility with residential load
requirements. These components contribute to a realistic test scenario
for quantifying and comparing the impacts of wind and solar integra-
tion on distribution grid performance.

With this distribution system model established, the next step
involves defining the input datasets that characterize demand, renew-
able generation, and penetration scenarios.

D. Model inputs—profiles and penetration levels

To evaluate the grid impacts of PV and WT integration under
varying conditions, the simulations incorporate a full year of demand
and weather data. These inputs enable an in-depth analysis of the tem-
poral dynamics of renewable generation and demand across different
scenarios.

Figure 5 summarizes the demand, PV generation, andWT output
profiles, displaying their hourly variations throughout the year.
Locations A and D, which exhibit relatively high positive R, demon-
strate concurrent generation patterns, as shown in the figure. In

contrast, location 6, with the largest negative R value, highlights com-
plementary behavior, with WT generation peaking at night and PV
generation occurring during daylight hours.

1. Integration scenarios

This study evaluates four integration scenarios to quantify the
grid impacts of varying PV and WT deployment levels. Table III sum-
marizes the number of PV and WT systems deployed under each sce-
nario. For each simulation, the DER sites remain constant.

2. Resource placement

When assigning resources to the grid, PV and WT system sizes
were distributed to reflect real-world deployment patterns. The PV
system sizes were assigned as follows: 5% at 3 kW, 10% at 4 kW, 35%
at 5 kW, 35% at 6 kW, and 25% at 10 kW. Similarly, WT system sizes
were distributed as 5% at 5 kW, 60% at 10kW, and 35% at 20 kW.

PV and WT systems were randomly assigned once across the
grid, with some co-located at the same load/bus to reflect real-world
variability in DER deployment. This initialization was held constant in
all subsequent scenarios, ensuring that differences in hosting capacity
outcomes arose from PV–WT generation profiles rather than changes
in DER siting. By incorporating realistic demand profiles, weather
data, and variable penetration levels, this methodology establishes a
robust framework for evaluating the grid impacts of renewable energy
integration.

By incorporating realistic demand profiles, weather data, and var-
iable penetration levels, this methodology establishes a robust frame-
work for evaluating the grid impacts of renewable energy integration.

E. Simulation grid impacts

The integration of PV and WT power generation significantly
impacts electric grid performance, with effects varying based on the
time of day and specific geographic location. These impacts are

TABLE II. Seasonal PV vs wind signal correlations.

Category Location Winter Spring Summer Fall

0 A 0.1238 0.2151 0.2338 0.1166
1 B 0.1737 0.1139 0.0140 0.1190
2 C 0.2072 0.2877 0.1487 0.1295
3 D 0.1757 0.2117 0.2584 0.2203
4 E 0.1434 0.1906 0.1390 0.0792
5 F 0.032 11 0.091 05 0.1142 0.018 61
6 G 0.050 01 �0.067 23 �0.2343 �0.037 59
7 H 0.014 76 0.006 370 �0.059 95 �0.041 49 FIG. 4. Topological map of the distribution electric power system model used in the

hosting capacity assessment demonstration.

FIG. 3. Heatmap of the eight signal correlation categories. Alphabetic labels denote
the locations of category centroids, which correspond to the sites used in the dem-
onstration experiment.
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primarily reflected in three key metrics: voltage, line loading, and
transformer loading.

The following subsections discuss the hourly results for voltage
impact (Subsection IVE1), line loading (Subsection IVE2), and trans-
former loading impacts (Subsection IVE3), highlighting the temporal
variations in grid performance across different scenarios. The power
system impacts of PV and WT generation vary throughout the day, as
illustrated in Figs. 6–8. These figures depict the progression of voltage,
line loading, and transformer loading across four scenarios, from sce-
nario 0 (no PV or WT systems) to scenario 3 (highest penetration lev-
els). In each plot, the solid lines represent the mean profile over the
year, while the shaded regions indicate the 25th and 75th percentiles.

The joint PV–WT analysis moves beyond current practice, where
PV and WT integrations are typically studied in isolation. Prior PV-
only studies would attribute most daytime voltage rise to solar genera-
tion; our results show that concurrent wind output compounds this
effect. Conversely, PV-only studies would miss the benefits of negative
correlations, where nighttime wind complements daytime PV,
enabling a more continuous distribution of power generation across a
full 24-h period. By evaluating PV and WT together, this study dem-
onstrates interaction effects that are not visible in isolated analyses,
reinforcing the importance of accounting for coincident and non-
coincident resource behavior in hosting capacity assessments.

1. Voltage impacts

Figure 6 shows the typical daily voltage profiles for each scenario
at all locations over the full year.

1. Scenario 0 (baseline): Voltage remains relatively stable around
1.03 per unit (PU).

2. Scenario 1 (initial integration): Voltage increases during daylight
hours caused by PV generation, rising to approximately 1.04 PU.

3. Scenario 2 (medium integration): Voltage increases above the initial
integration scenario but remains below the ANSI limit of 1.05PU.

4. Scenario 3 (high penetration): Voltage further increases, exceed-
ing 1.05 PU in some cases, particularly during peak PV produc-
tion hours.

The results suggest that voltage changes closely follow PV power
generation. Each location (A–H) experiences a voltage “hump” during
daytime hours, corresponding to typical PV production as shown in
Fig. 5. WT impacts are less apparent but can be seen during the early
morning hours (between hours 0 and 6). In locations where more WT
power production occurs at night, such as location G (which had a
negative R value when comparing the WT and PV output signals), the
increase in voltage from scenario 0 to 3 is most apparent.

2. Line loading impacts

Figure 7 provides a statistical review of the daily line loading pro-
files for the secondary lines in the distribution power grid.
Observations show the following:

1. Scenario 0: As expected, line loading closely follows the demand
profile, with minimal variability.

2. Scenarios 1–3: PV and WT generation significantly increase line
loading during their production hours, with progressive increases
observed across scenarios. During the night hours, the line-
loaded increases due to wind power generation were very small
in comparison to the daytime changes.

At locations G and H, which exhibit the most negative R values,
line loading during daylight hours is lower than other locations. This is
particularly evident in scenario 2, where non-concurrent operation of
PV andWTmitigates the change rate in line loading.

3. Transformer loading impacts

Transformer loading impacts, shown in Fig. 8, closely follow the
trends observed in the line loading results. Key observations include:

FIG. 5. Normalized demand, PV genera-
tion, and wind power output for the eight
locations. Solid lines show the median
hourly values, and shaded regions indi-
cate the 25th–75th percentile ranges.

TABLE III. PV and wind integration scenarios.

Type Scenario 0 Scenario 1 Scenario 2 Scenario 3

PV 0 436 872 1500
Wind 0 170 340 694
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1. Daytime peaks: Transformer loading peaks during PV generation
hours, reflecting the additional power flowing through the transformers.

2. Non-concurrent benefits: Locations G and H, with negative R
values, experience reduced transformer loading compared to
locations with concurrent PV and WT generation.

This demonstrates the advantages of non-concurrent generation
patterns, which help balance grid loading and reduce stress on critical
components.

4. Impacts summary

The impacts of PV and WT generation on grid performance
reveal distinct patterns across voltage, line loading, and transformer
loading. PV generation has a pronounced influence on daytime voltage

levels, while WT impacts are more noticeable at night, particularly in
locations with negative R values. Increased penetration of PV and WT
systems raises line loading, though this effect is mitigated in locations
where their generation patterns are non-concurrent. Similarly, trans-
former loading follows trends observed in line loading, with reduced
stress on transformers in areas where PV and WT generation comple-
ment each other temporally (i.e., operate at different times of day).
These findings highlight the critical role of understanding and leverag-
ing the temporal relationships between PV and WT generation to
enhance grid performance and ensure system reliability.

F. Correlation coefficient pattern observations

A deeper analysis of the relationship between concurrent and
non-concurrent WT and PV operations reveals connections between

FIG. 6. Voltage profiles for each location and scenario. (The line represents the average, and the bounds describe the 25% and 75% quantiles.)

FIG. 7. Line loading for each location and scenario. (The line represents the average, and the bounds describe the 25% and 75% quantiles.)

FIG. 8. Transformer loading at locations and scenarios. (The line represents the average, and the bounds describe the 25% and 75% quantiles.)
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the mean R value and various grid performance metrics, including
voltage, line loading, and transformer loading. Figures 9–11 illustrate
these relationships across the three scenarios, focusing on the eight
representative locations identified in Sec. IIIB 2.

The trend lines in Figs. 9–11 were generated using a least squares
linear fit across scenario results. These are included to highlight the
general direction of change with increasing DER penetration, rather
than to imply precise predictive capability.

1. Voltage performance

Although some indications of a trend exist, the relationship
between R and voltage performance, depicted in Fig. 9, lacks consis-
tency. Key observations and insights include the following:

1. Average maximum voltage: Voltage remains relatively stable
across the range of R values, indicating that concurrent or non-
concurrent generation has minimal influence on this metric.

2. Over-voltage occurrences: In scenario 3, a slight decrease in
over-voltage occurrences is observed as R becomes more positive,
suggesting that higher PV and WT penetration levels may benefit
from complementary generation patterns. However, this trend is
not evident in lower penetration scenarios. Thus suggesting that
high penetration levels benefit more from concurrent operations
than when limited resources are integrated on a distribution grid.

These observations suggest that voltage behavior is less directly
affected by the correlation between PV and WT generation compared
to transformer and line loading metrics.

2. Line loading performance

Line loading metrics, shown in Fig. 10, display a stronger depen-
dence on R than voltage. A review of the plots in Fig. 10 identifies the
following:

1. Average line loading: A clear trend emerges, with average line
loading increasing as R becomes more positive, reflecting higher
stress during concurrent generation periods.

2. Maximum line loading: While the relationship is less pro-
nounced for maximum line loading, the number of daily over-
loads (line loading exceeding 100%) correlates strongly with R.

This is particularly evident in higher PV penetration scenarios
(e.g., scenario 3), where greater concurrent generation signifi-
cantly increases the likelihood of line overloading.

These findings highlight the critical role of managing concurrent
generation patterns to mitigate the risk of line overloading in distribu-
tion networks.

3. Transformer loading performance

Figure 11 shows the relationship between R and two transformer
loading metrics: average loading and the daily occurrence of trans-
former overloads (loading exceeding 100%). Critical insights include
the following from each of the two plots in Fig. 11.

1. Average transformer loading: As R becomes more positive, aver-
age transformer loading increases across all three scenarios, indi-
cating that concurrent generation from PV and WT systems
places greater stress on transformers.

2. Overload occurrences: The number of overload occurrences does
not exhibit a clear trend with R, possibly due to the limited fre-
quency of overloads in the modeled scenarios.

These results suggest that transformer performance is sensitive to
concurrent PV and WT operations, emphasizing the need to account
for correlation effects in transformer capacity planning.

4. Correlation coefficient pattern summary

This analysis underscores the importance of understanding the
interplay between PV and WT generation patterns. Positive R values,
reflecting concurrent generation, are associated with higher average
loading and a greater risk of overloads for both transformers and lines.
In contrast, locations with negative R values, indicating complemen-
tary generation, experience reduced grid stress. While voltage impacts
appear less sensitive to generation correlations, they remain an impor-
tant consideration for grid operations performance at higher DER pen-
etration levels. These insights provide guidance for optimizing DER
deployment and managing grid impacts effectively.

Because clustering is based on centroids, the most extreme corre-
lations were not represented among the selected sites. The results
therefore emphasize typical correlation ranges (R��0.1 to 0.25).

FIG. 9. Scatter plot comparing PV vs WT
correlation coefficientVR with respect to the
two over-voltage metrics. Trend lines rep-
resent least squares linear fits included to
indicate general directionality.
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While the same general behaviors are expected at more extreme values,
assessing those cases directly is left for future work.

V. CONCLUSIONS

This paper presented a novel methodology to assess the concur-
rent and non-concurrent operations of distributed solar photovoltaic
(PV) and wind turbine (WT) generation on distribution electric power
systems (EPS). As renewable energy integration accelerates to support
decarbonization goals, understanding the operational dynamics of
these resources becomes critical for maintaining grid reliability. This
study addressed a gap in existing research by focusing on the interplay
between PV and WT generation, which has often been analyzed
independently.

Using signal correlation analyses, this research quantified the
coincident and non-coincident generation patterns of PV andWT sys-
tems across different locations and seasons. These patterns were classi-
fied using a K-means clustering approach, enabling the identification
of representative sites for HC simulations. The results revealed
that locations with higher positive correlations between PV and WT
generation experience greater impacts on voltage levels, line loading,
and transformer loading. Conversely, areas with negative correlations

benefit from reduced thermal stress, as PV and WT generation occur
at complementary times.

Importantly, this study highlights the added value of evaluating
PV and WT jointly rather than in isolation. While PV-only hosting
capacity studies capture daytime voltage rise, our analysis shows that
concurrent PV–WT operation can exacerbate these effects, whereas
non-concurrent operation can mitigate them by spreading generation
more evenly across a 24-h cycle. These findings demonstrate interac-
tion effects not visible in isolated analyses, underscoring the need to
incorporate coincident and non-coincident resource behavior into
future hosting capacity assessments.

Key contributions of this work include:

1. Quantification of concurrent behaviors: Development of a meth-
odology to analyze the temporal interactions between PV and
WT generation using correlation analysis.

2. Categorization of locations: A streamlined approach for identify-
ing representative sites, reducing the need for exhaustive simula-
tions across all locations.

3. Impacts on grid performance: Insights into the combined effects of
PV and WT generation on voltage stability and thermal loading.

4. Value of non-concurrent patterns: Demonstration of the benefits of
complementary PV and WT generation in mitigating grid stress.

FIG. 10. Scatter plot comparing PV vs
WT correlation coefficientVR with respect to
the two line loading metrics. Trend lines
represent least squares linear fits included
to indicate general directionality.

FIG. 11. Scatter plot depicting the relation-
ship between transformer percent loading
and overloads per day with the PV vs WT
correlation coefficientV

R . Trend lines repre-
sent least squares linear fits included to
indicate general directionality.
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5. Actionable insights: By linking PV–WT correlation patterns to
grid outcomes, this work provides utilities with a systematic way
to identify representative study sites, anticipate where combined
resources may exacerbate or alleviate grid stress, and design
more efficient hosting capacity studies. For policymakers, the
findings highlight how resource diversity and non-concurrent
operation can enhance integration potential, informing siting
strategies, interconnection standards, and infrastructure invest-
ment decisions.

These findings offer utilities and policymakers valuable insights
into the dynamic behavior of renewable energy systems. By under-
standing how PV and WT systems interact, grid operators can make
informed decisions to optimize grid reliability and support sustainable
energy growth.

While the study provides significant insights, it is not without
limitations. The analysis focused on specific demonstration cases
within the Continental U.S. and utilized a single power grid model,
which may not fully capture variations in weather patterns, grid con-
figurations, or operational constraints in other regions. Additionally,
the simulations did not incorporate advanced grid control technologies
or energy storage systems, which could further mitigate some of the
observed operational challenges.

Other limitations include the meteorological input data—solar
irradiance and wind speed are inherently stochastic. While clustering
captures typical seasonal correlation patterns, extreme events where
PV and wind generation simultaneously reach maxima or minima
may not be fully represented by the centroids. These rare coincidences
could impose additional grid stress beyond the representative cases
studied here. Future work could explicitly evaluate the impact of such
joint extremes.

Future research directions include:

1. Expanding the methodology to other distributed generation
types, such as battery storage or electric vehicles.

2. Investigating the role of advanced grid technologies in enhancing
hosting capacity and mitigating grid impacts.

3. Applying the approach to larger and more diverse geographical
regions to explore scalability and adaptability.

4. Analyzing the implications of higher renewable penetration levels
in existing grid infrastructures.

In conclusion, this study underscores the critical role of concur-
rent and non-concurrent renewable generation patterns in shaping the
operational dynamics of distribution grids. As the penetration of
Distributed Energy Resources continues to grow, the methodology
presented here provides a vital framework for maintaining grid stabil-
ity while enabling the responsible integration of renewable energy. By
leveraging these insights, utilities and policymakers can pave the way
for a more reliable, resilient, and sustainable energy future.
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