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Abstract

The growing penetration of distributed energy resources in distribution networks has high-
lighted the need to analyze power contribution characteristics under different operating
and interconnection conditions. In particular, photovoltaic systems exhibit varying load-
level power contribution patterns depending on their output levels and interconnection
configurations, and machine-learning-based approaches have recently been investigated
to efficiently estimate these contribution characteristics. However, conventional full-scale
machine learning approaches require large datasets covering numerous PV operating and
interconnection scenarios, resulting in substantial computational burden during dataset
generation and model training. To address this issue, this paper proposes a screening-
based machine learning algorithm for load-level PV power contribution estimation. A
PV Impact-Range Index is developed by jointly considering active power contribution,
voltage sensitivity, and electrical proximity to identify PV interconnection scenarios with
meaningful contribution characteristics. Based on this index, non-informative scenarios are
excluded, and a screening-scale dataset is constructed to train a computationally efficient
learning model. Simulation results on a 19-bus distribution test system show that the
proposed algorithm achieves prediction accuracy comparable to the full-scale learning
approach while significantly reducing dataset generation and model training time. These
results demonstrate that the proposed algorithm provides an efficient and practical solution
for PV power contribution estimation in distribution networks.

Keywords: PV power contribution estimation; screening-based machine learning; random
forest; distribution networks; distributed energy resources

1. Introduction

As global electricity demand continues to rise, power systems worldwide are seeking
strategies to ensure a reliable and secure electricity supply [1]. This increase is largely
driven by rapid industrial electrification, growing data center- and Al-related computing
loads, and the widespread adoption of electric vehicles. According to a report by the U.S.
Department of Energy, electricity usage by data centers is projected to increase substantially
in the coming years, reflecting the growing power demand from digital infrastructure and
the broader increase in electricity consumption across multiple sectors [2]. Consequently,
electricity systems that rely heavily on fossil-fuel-based generation face increasing environ-
mental and economic constraints due to fuel price volatility and stringent carbon emission
regulations [3]. In this context, renewable energy resources have emerged as a key solution
for reducing carbon emissions and enhancing energy self-sufficiency [4].
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According to the IEA’s Global Energy Review 2025, global electricity demand increased
by 4.3% in 2024, driven primarily by increasing electrification and the rapid growth of
digital infrastructure. In parallel, renewable energy capacity expanded rapidly, with solar
photovoltaic (PV) and wind power accounting for approximately 70% of new global capac-
ity additions, indicating a clear shift away from centralized fossil-fuel-based generation [5].
Among various distributed energy resources (DERs), PV systems are among the most
widely deployed DERs connected at the distribution network level because of their modu-
lar structure, scalability, and location-dependent installation characteristics. Therefore, this
paper focuses on PV systems and their load-level power contribution characteristics under
different output levels and interconnection conditions.

The widespread deployment of DERs has consequently accelerated the transition
toward distributed generation architectures that are predominantly interconnected at
the distribution network level. As emphasized by the International Renewable Energy
Agency (IRENA), the large-scale integration of variable renewables introduces new opera-
tional requirements for distribution systems, including enhanced flexibility, advanced grid
management, and improved coordination of distributed assets [6]. These developments
highlight a structural transformation of the power sector and further underscore the in-
creasing operational importance of distribution networks in accommodating high levels of
renewable penetration. Recent studies have also shown that the reliable integration of PV-
based resources requires advanced distribution system optimization strategies, particularly
under high PV penetration conditions [7].

DERs are predominantly integrated into distribution networks, and the increasing
share of DER-based power injected into these networks introduces a variety of operational
challenges. These challenges include voltage fluctuations, reverse power flow, line overload-
ing, increased fault current levels, and difficulties in maintaining protection coordination,
all of which can adversely affect system reliability and stability [8]. In particular, PV output
varies significantly depending on solar irradiance, weather conditions, and operating envi-
ronments, further complicating real-time operation and long-term planning of distribution
systems. Under such conditions, it becomes increasingly important to quantitatively assess
how the power generated by PV systems is distributed among individual loads and how
this load-level power contribution affects overall system operation. Accurate estimation of
PV power contributions is therefore a critical requirement for achieving stable and efficient
distribution network operation under high PV penetration levels [9].

Against this background, artificial intelligence and machine learning techniques have
been actively investigated to address operational challenges in distribution networks
with high DER and PV penetration levels [10,11]. These approaches can learn nonlinear
relationships between system operating conditions and DER output variations without
explicitly formulating complex network models. Recent studies have applied machine learn-
ing techniques to various distribution network applications, including smart-meter-data
analysis, fault localization, distribution system management, protection, and disturbance
management [12-15].

In addition to data-driven approaches, analytical power allocation and power trac-
ing methods have been used to quantify how power injected by generation sources is
distributed to individual loads [16]. These methods can provide physically interpretable
source-to-load contribution results and are useful for evaluating DER or PV power contribu-
tion under a given operating condition. However, when PV output levels, interconnection
locations, or network operating conditions change, power-flow and power-tracing calcula-
tions must be repeated for each case. Therefore, the computational burden can increase
significantly when numerous PV output and interconnection scenarios are considered.
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To reduce computational burden, screening, feature selection, and scenario reduction
concepts have been used to eliminate redundant variables or non-informative cases in
power system studies. Practical DER interconnection studies have also emphasized the
need for efficient evaluation procedures because increasing interconnection requests can
expand the number of system impact assessment cases [17]. However, existing approaches
mainly focus on general system impact assessment, representative scenario selection, or
operational classification, rather than identifying the effective influence range of PV power
contribution at the load level. Therefore, a screening criterion specifically designed for
load-level PV active power contribution estimation is required.

In this paper, a screening-based machine learning framework is proposed to efficiently
estimate load-level PV active power contributions in distribution networks. The objective
of the proposed method is to predict how the active power generated by an additionally
integrated PV system is allocated to individual loads under different PV output levels and
interconnection configurations. The proposed framework uses power-flow and power-
tracing results as reference data and applies a screening procedure to identify impact-
relevant buses and interconnection cases before machine learning training. The machine
learning model receives the PV active power output and interconnection location variables
as input and returns the estimated load-level PV active power contribution expressed
in kW.

The proposed screening process is distinguished from general feature selection or
scenario reduction approaches because it is directly linked to load-level PV active power
contribution estimation. In the full-scale approach, all candidate PV output levels and
interconnection configurations are simulated, and power-flow and power-tracing calcu-
lations are repeatedly performed to obtain the PV contribution at each load. Although
this approach provides detailed reference results, the number of simulation cases increases
rapidly as the number of candidate interconnection buses and PV output levels increases.
In contrast, the proposed method first identifies the effective impact range of the additional
PV system and retains only the buses and interconnection cases that produce meaningful
PV contribution effects. These selected cases are then used to construct the screening-scale
dataset. The learning model uses the PV output level and interconnection location variables
as input and estimates the load-level active power contribution supplied by the additional
PV system in kW. Therefore, the proposed method is not a general data reduction technique;
rather, it is a contribution-oriented screening framework for estimating how additional PV
power is allocated to individual loads.

The main contributions of this paper are summarized as follows. First, a load-level
PV active power contribution estimation framework is developed by considering both
PV output levels and interconnection configurations. Second, a PV Impact-Range Index
is introduced to identify the effective source-to-load impact range of the additional PV
system by selecting buses and interconnection cases that have meaningful PV contribution
effects. Third, the selected impact-relevant cases are used to construct a screening-scale
training dataset, through which the machine learning model estimates the load-level active
power contribution of the additional PV system without relying on exhaustive full-scale
simulations. Finally, the proposed method is validated by comparing its prediction accuracy
and computational efficiency with those of the full-scale learning approach and PF-based
power tracing results. The overall workflow of the proposed algorithm is summarized
in Figure 1.
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Figure 1. Overall Workflow of the Proposed Framework.

The proposed algorithm consists of a sequential process that integrates simulation-
based data generation, screening-based dataset reduction, and machine-learning-based
estimation. First, a simplified 19-bus distribution test system representing a practical
Korean distribution line (DL) configuration is established, and a full-scale reference dataset
is constructed by generating multiple simulation scenarios with varying PV output levels
and interconnection configurations [18]. Based on this dataset, a screening procedure is
applied to identify network elements and interconnection cases that exhibit significant
PV power contribution characteristics. These selected cases are then used to construct a
screening-scale training dataset. Subsequently, the screening-scale dataset is employed for
machine learning training, and the resulting predictions are evaluated through comparison
with those obtained from the full-scale learning method in terms of prediction accuracy
and computational efficiency.

2. Methodology
2.1. Machine Learning Dataset Construction

The full-scale dataset is constructed as a reference dataset for evaluating the proposed
screening-based PV contribution estimation method. This dataset is designed to include
various PV output levels and interconnection configurations, thereby representing diverse
load-level PV power contribution characteristics under different simulation conditions.
Since the full-scale dataset is generated through repeated power-flow and power-tracing
calculations for all candidate PV conditions considered in this paper, it provides a compre-
hensive basis for comparison with the proposed screening-based approach. The full-scale
dataset serves two primary purposes in this paper. First, it provides reference data for vali-
dating the prediction accuracy of the proposed screening-based learning approach. Second,
it serves as the initial data pool from which impact-relevant buses and interconnection
cases are identified and extracted during the dataset screening stage.

2.1.1. DER Power Tracing Method

The DER power tracing method adopted in this paper is based on the proportional
sharing rule (PSR), which enables quantitative analysis of load-level DER power contri-
butions at individual buses. PSR assumes that the total incoming power at each bus is
allocated to downstream branches in proportion to their respective power-flow magni-
tudes, thereby allowing the active power originating from DERs to be traced throughout
the network [19].

To apply power tracing, detailed information on the locations and capacities of DER
sources, load demands, and the electrical connectivity of buses and lines must be available.
In addition, line power-flow results are required and are obtained through power-flow
analysis before performing the tracing procedure.

P;i= Y |Pi_i| + Ppgg, 1)

]szl(")

Equation (1) calculates the total power injection at each bus by combining the active
power flowing into the bus through connected lines and the active power generated by
the DER installed at the same bus. The term P;_; represents the active power flow from
adjacent bus j to bus i, and the summation term represents the total incoming active power
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at bus i. Here, i denotes the index of the bus being evaluated, and j refers to the adjacent
(n)
i

linked to bus i through the n-th branch. The second term, Ppgg,, corresponds to the active

buses electrically connected to bus i. The set «; ’ indicates the group of neighboring buses

power generated by the DER installed at bus i.
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-
o
=
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i

0 for otherwise

In Equation (2), the coefficient matrix represents the proportional sharing relationship
among buses based on the active power-flow direction. The diagonal elements of the matrix
are set to one, indicating the self-contribution term of each bus. The off-diagonal elements
are defined only when two buses are electrically connected, and active power is transferred
between them. In this case, the off-diagonal coefficient is calculated as the ratio of the
branch active power flow to the total incoming active power of the receiving bus according
to the proportional sharing rule. If there is no direct electrical connection or no active power
transfer between two buses, the corresponding matrix element is set to zero. Therefore,
the coefficient matrix expresses how injected power is propagated through the network
according to the electrical connectivity and power-flow distribution.

B =Y ([4];" * Poee,) ®)
i=1

Equation (3) computes the amount of DER-generated power that ultimately reaches
each bus i, based on the contribution allocation defined in Equation (2). This formulation
enables a quantitative evaluation of how injected power propagates through the system.

Ppistrivution = Z

! (PDERi
i=1

(Al X Pmdi) @

Equation (4) represents the distribution results from the DER perspective, determining
how much power from each generating unit is ultimately allocated to individual loads. By
computing the DER-supplied power at each load bus, the final contribution outcome can be
systematically derived. Although the tracing formulation can be applied to general DERs,
this paper applies it to quantify the load-level contribution of the additionally integrated
PV system.

In this paper, the power tracing method is used as a physically interpretable refer-
ence method to generate training data and validate the prediction results of the machine
learning model. Although power tracing can directly calculate PV contributions for a given
case, its repeated application requires power-flow analysis and recalculation of tracing
coefficients whenever the PV output level or interconnection configuration changes. There-
fore, the proposed machine learning model is trained using the power tracing results to
rapidly estimate load-level PV contributions under different PV output levels and intercon-
nection configurations, thereby reducing the computational burden of repeated scenario
evaluations.

2.1.2. Full-Scale Dataset Construction

To construct the full-scale dataset, the power tracing procedure described in the previ-
ous subsection is repeatedly applied under various PV output levels and interconnection
conditions. Multiple simulation cases are generated by systematically varying the output
level of the additional PV system and its interconnection configuration with the existing
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network. For each simulation case, power-flow analysis is performed first, followed by
power tracing to obtain the corresponding PV contribution results. The overall procedure
for full-scale dataset construction is illustrated in Figure 2.

( aw )
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System and PV Data Input

- ~
’ \
’ \

—>» PV Power Level Configuration > PV Power Level Data

l

PV Interconnection PV Interconnection
Configuration Conditions

$ D -
Power-Flow Analysis
l e

PV Power Tracing
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Figure 2. Full-Scale Dataset Construction Procedure for PV Power Contribution Estimation.

All Simulation
Cases Completed?

Following the procedure illustrated in Figure 2, each simulation case is represented by
an input feature vector that explicitly reflects the output level of the additional PV system
and its interconnection configuration with the existing network. Accordingly, the full-scale
input feature vector is defined as

xfullfscale — [PPVI C1,Ca, .-, CN] (5)
where Ppy denotes the active power output of the additionally integrated PV system, and
cn(n=1,2,...,N) is a binary connectivity variable indicating whether the additional PV
system is connected to the n-th bus, with ¢, = 1 if the PV system is connected to bus n
and c¢; = 0 otherwise. Therefore, the input feature vector is composed of the PV output
condition represented by Ppy and the interconnection location information represented
by the binary connectivity vector [c1, ¢, ..., cn]. This input structure allows the machine
learning model to learn how both the PV output level and the interconnection location
affect the load-level PV contribution pattern.

Based on this input feature representation, the output component of the full-scale

dataset is defined as
yfull—scale _ [PExl pEX2  pEXk PPV]

EX EX EX
PEXe — [PPXk PEX, L PN ] ©)

PPV _ PPV PPV PPV
- ’ Jeeoy NL
Here, PEXk denotes the active power contribution from the k-th existing power source
to each load, and PPV represents the load-level power contribution of the additionally

integrated PV system. Each element of the output vector is obtained from the power tracing
results and quantitatively describes the amount of active power contributed by each source
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to a specific load. In the proposed estimation model, the primary output of interest is
PPV, where each element PYV represents the active power contribution supplied by the
additional PV system to load bus i. The unit of P!’V is kW. In the result figures, the PV
contribution is additionally expressed as a percentage of the corresponding load demand
to facilitate interpretation of the load-level contribution.

2.1.3. Dataset Screening Procedures

The dataset screening process is designed to reduce the number of repeated sim-
ulations for different interconnection cases by identifying the effective impact range of
an additional PV system prior to machine learning training. Rather than exhaustively
generating simulation data for all buses and interconnection configurations, the proposed
approach focuses on selecting a subset of network elements that are significantly affected
by PV power injection, thereby preserving the dominant PV contribution characteristics
while reducing the computational burden. An illustrative example of the proposed dataset
screening concept is presented in Figure 3.

e
#

Impact-Range

(l = ]threshhold)

Figure 3. Conceptual illustration of PV impact-range identification. Red arrows indicate PV power
delivery paths, solid lines represent feeder connections, the dashed boundary denotes the impact
range, and circle sizes indicate relative PV contribution magnitudes.

Figure 3 conceptually illustrates how the power generated by an additional PV system
is delivered through the distribution network and results in different levels of power
contribution at individual load buses. As the injected PV power flows through the network,
it is redistributed according to the electrical connectivity and power-flow paths, leading to
non-uniform PV contribution levels across load buses. Load buses electrically closer to the
PV interconnection point receive a relatively larger portion of PV-supplied power, whereas
buses located farther away along indirect or weakly coupled paths exhibit progressively
reduced contribution levels. Based on these bus-level differences in PV contribution
magnitude, only buses exhibiting contribution levels above a certain threshold are defined
as belonging to the effective impact range of the PV system. In Figure 3, the shaded region
represents the set of buses where PV-generated power reaches the loads with sufficient
magnitude to produce a meaningful operational contribution, while buses outside this
region experience negligible PV contributions and can therefore be excluded during the
screening process. This example demonstrates that PV contributions are not uniformly
distributed across the system but are governed by the power delivery process itself, enabling
a systematic reduction in interconnection-based simulation cases for dataset construction.

P,

9| Vil

Index; = wp 5p
PV

+ wg(1—di™) )

‘|‘Cdv‘
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In Equation (7), Index; represents a quantitative measure used to identify the effective
impact range of the additional PV system on bus i. The first term quantifies the sensitivity of
active power contribution redistribution with respect to variations in PV output, reflecting
how changes in PV injection affect the power-flow distribution within the network. The
second term represents voltage sensitivity, capturing the response of the bus voltage
magnitude to PV output variations. The third term incorporates the normalized electrical
distance between the PV interconnection point and bus i, such that buses electrically closer
to the PV system are assigned higher index values.

The weighting coefficients wp, wy, and w; determine the relative importance of active
power contribution, voltage sensitivity, and electrical proximity, respectively. Therefore, the
PV Impact-Range Index can be adjusted depending on which physical factor is emphasized
in the screening process. The screening threshold is then used to determine whether each
bus is included in the effective impact range of the additional PV system.

Since the weighting coefficients and threshold directly affect the size of the screened
dataset and the resulting prediction accuracy, their values should be selected carefully.
In this paper, these screening parameters are determined through the sensitivity analysis
presented in Section 3.4.1. Through this formulation, the PV Impact-Range Index provides
a physically interpretable criterion for identifying the buses that have meaningful PV
contribution effects.

2.2. Machine Learning Training Procedure
2.2.1. Random Forest Regressor

A supervised learning model is trained using the screening-scale dataset to estimate
load-level PV power contributions. In this paper, a Random Forest Regressor is adopted as
the learning model because the PV contribution estimation problem involves nonlinear and
topology-dependent relationships between PV output, interconnection location variables,
and load-level contribution results. In addition, the input feature vector includes both
continuous PV output values and binary interconnection variables, and Random Forest
can handle such mixed feature structures with relatively limited preprocessing. The overall
learning structure of the Random Forest model employed in this work is illustrated in
Figure 4.

Dataset Input

5 3
/'//’\\ ///.\\ A// \\\\

Q9 Q/ N\ /O\ e 4 . /b\
W S (S W

Decision Tree - 1 Decision Tree - 2 Decision Tree - N

Result - 1 Result - 2 Result - N

Majority Voting / Averaging

Random Forest Prediction Result

Figure 4. Learning Structure of the random forest prediction model. Black and white circles represent
selected and non-selected nodes in each decision tree, respectively.
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As shown in the figure, the input dataset representing PV operating conditions and
network interconnection configurations is distributed across multiple decision trees. Each
tree is trained independently using different subsets of the input samples and feature
space, enabling diverse representations of PV-induced power contribution patterns within
the distribution network. The prediction process of an individual decision tree can be
expressed by Equation (8).

h(x) = cm-1(x € Ryy) 8)

s

In this formulation, the input space is partitioned into multiple regions, and a constant
prediction value is assigned to each region. When an input sample x belongs to a specific
region Ry, the corresponding coefficient ¢, is selected as the output of the decision tree.

The final output of the Random Forest model is obtained by aggregating the predic-
tions of all individual trees, as defined in Equation (9).

1 T
1) = p () ©)

For a given input sample, each decision tree produces an individual prediction of
the PV power contribution to each load. These predictions are then aggregated through
ensemble averaging to generate the final output of the Random Forest model. Through this
ensemble-based learning process, the model effectively captures the nonlinear and topology-
dependent relationships between PV injection conditions and load-level power contribution
characteristics. By training the Random Forest using the screening-scale dataset, reliable
estimation performance is achieved with significantly reduced computational complexity
compared to full-scale learning.

2.2.2. PV Contribution Estimation Method

The proposed PV contribution estimation method evaluates the load-level power
contribution of an additionally integrated PV system in an efficient and interpretable
manner. Unlike conventional full-scale approaches that analyze power contributions from
all generation sources, the proposed method focuses exclusively on the redistribution of
power supplied by the additional PV. This formulation is based on the observation that
PV-induced power redistribution does not uniformly affect the entire network but is instead
concentrated along specific interconnection paths and localized regions.

To exploit this characteristic, the proposed method first identifies the effective impact
range of the additional PV using an index-based screening process. By evaluating the
sensitivity of system variables to PV injection under single-bus interconnection conditions,
only buses and interconnection cases with meaningful PV contributions are retained for
further analysis. As a result, the analysis is reformulated to operate on a reduced set of
impact-relevant simulations, while preserving the dominant characteristics of PV-induced
power contribution. The overall procedure of the proposed PV contribution estimation
method is illustrated in Figure 5.

The proposed method consists of three main phases, as shown in Figure 5. In the first
phase, the additional PV system is iteratively interconnected to each candidate bus under
predefined PV output conditions. For each interconnection case, power-flow analysis is
first performed, and the PV Impact-Range Index is then calculated to quantify the localized
impact of the additional PV on each bus. This index-based evaluation is repeated for all
candidate buses and buses whose index values exceed the predefined threshold are selected
as the effective PV impact range.
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Figure 5. Overall Procedure of the Proposed PV Contribution Estimation Method.

In the second phase, simulation screening is performed based on the identified im-
pact range. Only the impact-relevant buses and interconnection cases are retained, while
low-impact cases are excluded from further dataset construction. The selected cases are
then used to construct the screening-scale dataset. This dataset consists of input features
representing the PV output level and interconnection location variables, along with out-
put values representing the load-level PV active power contribution obtained from the
corresponding power tracing results.

In the final phase, the screening-scale dataset is used to train the Random Forest
Regressor for PV contribution estimation. Given a user-defined input feature vector, the
trained model predicts the load-level active power contribution supplied by the additional
PV system. The prediction result is represented as a vector that describes how the power
generated by the additional PV is allocated among individual loads. The predicted results
are then evaluated using predefined performance criteria to verify whether the screening-
scale learning method preserves the dominant PV contribution characteristics without
requiring exhaustive full-scale simulations.

3. Simulation
3.1. Simulation System Overview

To estimate the power contribution of an additional PV integrated into distribution
system operation, a 19-bus radial distribution network is adopted as the test system [20].
The test system was constructed as a simplified equivalent model derived from the practical
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Pyoseon DL in the Republic of Korea [21]. Figure 6 shows the practical configuration of the
Pyoseon DL.

® PV @ :Load

- nali Iy

1 1 !

oA KIREE Tl i 1T, HIE 11

l_
L

Figure 6. Practical Configuration of the Pyoseon DL.

As shown in Figure 6, the original Pyoseon DL includes multiple lateral branches,
load points, PV interconnection points, detailed connection nodes, and intermediate line
nodes. The purpose of the simplification was not to reproduce every detailed component
of the practical feeder, but to construct a representative equivalent model for evaluating the
proposed PV contribution estimation algorithm. The simplification was performed as an
equivalent modeling process for constructing a representative test system, rather than as an
automated topology reduction algorithm. In the equivalent model, the main radial power-
flow paths, representative load locations, and the PV-dominant section were retained,
while detailed connection nodes, intermediate line nodes, and minor lateral sections were
aggregated or omitted. Table 1 summarizes the configuration of the simplified 19-bus
equivalent model derived from the practical Pyoseon DL.

Table 1. Configuration of the Practical Pyoseon DL and Simplified 19-Bus Equivalent Model.

Item

Simplified 19-Bus

Practical Pyoseon DL Equivalent Representation

Equivalent Model
Network topology 291 buses 19 buses
Line model 262 sections, 39.69 km 18 sections, 21.9 km Aggregated into a
Load model 46 load elements, 11,300 kW 11 load buses, 5500 kW simplified equivalent model
PV model 25 PV units, 4375.2 kW 1 PV unit, 2000 kW

As summarized in Table 1, the original 291-bus feeder was represented by a 19-bus
radial equivalent model. Since the simplified system is radial, the 19 retained buses are
connected by 18 equivalent line sections. The total line length was represented as 21.9
km in the equivalent model because detailed intermediate sections and minor lateral
branches were not represented individually, while the main feeder and major branching
paths were preserved.

For the load model, the 46 load elements in the original feeder were represented by
11 representative load buses. The total active power demand used in the simulation was
set to 5500 kW, corresponding to approximately 48.7% of the original feeder load.

For the PV model, the 25 existing PV units were represented by one representative
PV unit connected to bus 015. The original PV output condition was calculated as 40%
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of the total rated PV capacity, or 4375.2 kW. In the simplified model, this condition was
represented by a 2000 kW PV unit, corresponding to approximately 45.7% of the original
PV output condition.

Figure 7 presents the simplified 19-bus equivalent test system used for the simulation.
During the equivalent modeling process, the detailed loads and PV units in the original
feeder were aggregated according to the main feeder and major branching sections. Each
aggregated section was classified according to its net active power characteristic. Sections
in which the local load demand was larger than the existing PV output were represented as
load-dominant sections, whereas the section in which the existing PV output was dominant
was represented by a representative PV unit.

0:® 07® ®rv ®load
014 @ @- i
016 018 019
013 @ 009 > @ @
010 011 012
@—0 —p & ‘ P ® ®
001 002 003 004 005 006 007 008

154kV229kV

Figure 7. Simplified 19-bus equivalent test system derived from the Pyoseon DL. Red and green
circles indicate PV and load buses, respectively, while black circles denote buses without PV or
load connections.

As shown in Figure 7, the simplified 19-bus system consists of 11 representative load
buses and one existing PV unit. Under the simulation condition, the total load demand
is 5500 kW and the existing PV output is 2000 kW, resulting in a substation-supplied
net load of 3500 kW. Although the simplified model does not reproduce every detailed
component of the practical feeder, it preserves the main radial topology, representative load
locations, PV-dominant section, and dominant source-to-load contribution paths required
for load-level PV contribution analysis.

3.2. Simulation Scenarios

The simulation scenarios used to analyze the influence of PV integration in this paper
are configured and summarized in Table 2. The scenarios are classified into three categories
according to the interconnection relationship between the additional PV and the existing
network. To ensure a fair comparison of PV-induced effects under different generation
capacities, each scenario is evaluated under two operating cases distinguished by different
output ratios relative to the net load.

Table 2. Simulation Scenarios for PV Power Contribution Analysis.

Scenario Interconnection Type Case PV Output Level
N
Scenario 2 Multi-Point g :;822 gi EE: ]I:gzj
Scenario 3 Complex Multi-Point 1[3; :;8?;: gi EE: Iigzj
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In general, network operating conditions and PV generation output can affect load-
level PV contribution results by changing the power-flow distribution and the electrical
range over which PV-supplied power is delivered. In this paper, the network topology and
load condition are kept unchanged, while the output level and interconnection structure
of the additional PV system are varied as the main scenario variables. This scenario con-
figuration enables a consistent analysis of how PV generation output and interconnection
complexity affect load-level PV contribution characteristics.

The simulation scenarios are designed to investigate the effect of PV interconnection
complexity on power contribution characteristics in the distribution network. Scenario
1 considers a single-point interconnection in which the additional PV is electrically
coupled to only one location in the system, representing a low-complexity integration
structure. Scenario 2 extends this configuration to a multi-point interconnection, allow-
ing the PV to interact with the network through multiple connection paths and thereby
increasing power-flow interactions. Scenario 3 further examines a complex multi-point
interconnection, representing the highest level of interconnection complexity considered
in this paper.

Across all scenarios, two operating cases are evaluated. Case A corresponds to a PV
output level of 30% of the net load, equivalent to 1000 kW, while Case B corresponds to 70%
of the net load, or 2500 kW. Applying identical output conditions across all scenarios enables
a consistent assessment of how PV output levels interact with different interconnection
configurations and affect overall system performance.

3.3. Simulation Results

To clearly illustrate the load-level power contribution characteristics of the additional
PV system, the simulation results are presented using per-bus contribution visualizations.
In this visualization, each load bus is represented in a circular format, and the shaded por-
tion indicates the PV-supplied power, while the newly integrated PV unit and its connection
paths are highlighted using a red dashed line. The quantitative prediction accuracy of the
proposed screening-scale machine learning algorithm is separately evaluated in Section 3.4
using the power-flow-based (PF-based) power tracing results as the reference values.

3.3.1. Scenario 1 Results

Scenario 1 evaluates PV-induced power contribution characteristics under a single-
point interconnection configuration. The contribution results for Scenario 1, including both
Case A and Case B, are presented in Figure 8.

For Case A, the PV system predominantly supplies power to buses electrically close to
the interconnection point, with Buses 006, 007, and 008 exhibiting contribution levels exceed-
ing 95%, indicating that the injected PV power is largely allocated within the downstream
feeder segment. Limited contributions are also observed at adjacent buses such as Buses
011 and 012, confirming a localized influence even under a single-point interconnection.

For Case B, a similar spatial pattern is maintained, with the PV system supplying
the majority of load demand at Buses 005-008 and adjacent Buses 011 and 012, while
Bus 004 receives a moderate contribution. In contrast, buses electrically farther from the
interconnection point show negligible PV contributions, indicating that PV-supplied power
remains spatially concentrated within a specific feeder region, with contribution levels
varying according to operating conditions.
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Figure 8. Load-Level PV Power Contribution Results in Scenario 1. Inner blue and outer yellow
portions indicate PV contribution levels for Case A and Case B, respectively. White circles represent
load buses, black dots denote non-load buses, and the red dashed line indicates the additional PV
interconnection path.

3.3.2. Scenario 2 Results

Scenario 2 examines PV power contribution characteristics under a multi-point inter-
connection configuration. The contribution results for both Case A and Case B are jointly
presented in Figure 9.
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Figure 9. Load-Level PV Power Contribution Results in Scenario 2. Inner blue and outer yellow
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portions indicate PV contribution levels for Case A and Case B, respectively. White circles represent
load buses, black dots denote non-load buses, and the red dashed line indicates the additional PV
interconnection path.
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Under Case A, PV-supplied power is distributed across multiple feeder branches.
Several buses, including Buses 005-008, 011-012, 017, and 019, receive approximately
31-37% of their load demand from the PV system, indicating that the PV contribution
extends beyond a single downstream segment.

When the PV output level increases to Case B, the PV contribution becomes more
pronounced. Buses 005-008, 011-012, and 019 receive approximately 70-80% of their load
demand from the PV system, while Bus 017 shows a moderate contribution of about 27%,
confirming a broader allocation of PV-supplied power under the multi-point interconnec-
tion structure.

3.3.3. Scenario 3 Results

Scenario 3 evaluates PV power contribution characteristics under a complex multi-
point interconnection configuration, representing the highest level of interconnection com-
plexity considered in this paper. The contribution results for both Case A and Case B are
jointly presented in Figure 10.
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Figure 10. Load-Level PV Power Contribution Results in Scenario 3. Inner blue and outer yellow
portions indicate PV contribution levels for Case A and Case B, respectively. White circles represent
load buses, black dots denote non-load buses, and the red dashed line indicates the additional PV
interconnection path.

As shown in Figure 10, under Case A, the PV contribution is widely distributed across
the feeder. A relatively uniform contribution level is observed at multiple downstream
and lateral branch buses, including Buses 003—-008, 011-012, and 019, indicating that PV-
supplied power is shared across a broad interconnected area rather than being concentrated
near a specific location.

Under Case B, the PV contribution increases across most downstream and lateral
branch buses. Buses 003008, 011-012, and 019 receive a substantial portion of their load
demand from the PV system, and a limited contribution is also observed at Bus 002,
indicating that the contribution range extends further upstream as the PV output increases.
In contrast, Bus 017 shows no PV contribution because its demand is already supplied by
the existing PV connected at Bus 015.
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These results indicate that the complex multi-point interconnection configuration
enables the widest distribution of PV-supplied power among the three scenarios, while the
contribution pattern is still affected by existing local generation within the feeder.

The significance of these results is that the proposed method quantitatively identifies
not only the loads directly supplied by the additional PV system but also the effective
spatial range over which the PV contribution is distributed under different output levels
and interconnection configurations. In a radial distribution network, the concentration
of PV-supplied power around electrically close load buses is physically reasonable be-
cause active power contribution follows the network topology and power-flow paths.
However, the results also show that the contribution range can expand to multiple feeder
branches or upstream buses depending on the interconnection structure and PV output
level. Therefore, the proposed method can be used to evaluate candidate PV interconnec-
tion locations, identify load buses significantly affected by newly integrated PV system:s,
and support distribution network operation and planning by providing fast load-level PV
contribution estimates.

3.4. Performance Evaluation

The performance of the proposed screening-scale machine learning algorithm was
evaluated from three perspectives: screening parameter sensitivity, prediction accuracy, and
computational efficiency. To improve the reproducibility of the machine learning procedure,
the hyperparameter settings of the Random Forest Regressor are summarized in Table 3.
The same hyperparameter settings were applied to both the full-scale and screening-scale
learning models to ensure a fair comparison. No additional hyperparameter optimization
was performed separately for each dataset.

Table 3. Hyperparameter Settings of the Random Forest Regressor.

Hyperparameter Value
Number of decision trees 500
Maximum depth None
Bootstrap sampling Enabled
Number of jobs 1
Criterion Squared error
Random seed 42

3.4.1. Sensitivity Analysis of Screening Parameters

To justify the weighting coefficients and screening threshold used in the PV Impact-
Range Index, a sensitivity analysis was conducted by configuring six parameter cases, as
summarized in Table 4.

Table 4. Sensitivity Cases for Screening Parameter Selection.

Case Weighting Condition Threshold Purpose
1 wp =0.33, wy =0.33, wqg =0.33 0.1 Equal-weight condition
2 wp =01, wy =0.8, wg =0.1 0.1 Voltage-dominant condition
3 wp =01, wy =0.1, wg =0.8 0.1 Distance-dominant condition
4 wp =08, wy =01, wg =0.1 0.1 Power-dominant condition
5 wp =08, wy =01, wg =0.1 0.3 Higher threshold condition
6 wp =08, wy =01, wg =0.1 0.5 Stronger threshold condition

The sensitivity cases were designed to evaluate the effects of both the weighting condi-
tion and the screening threshold on prediction accuracy and computational efficiency. Cases
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1-3 were configured with the same threshold value of 0.1, but with different weighting
conditions, including equal-weight, voltage-dominant, and distance-dominant settings.
Case 4 represents the power-contribution-dominant condition with the same threshold
value of 0.1. Cases 5 and 6 were then configured by increasing the threshold to 0.3 and 0.5
under the power-contribution-dominant weighting condition.

The prediction accuracy results for the six sensitivity cases are shown in Figure 11.
Both RMSE and R? score were compared to evaluate the effect of the weighting condition
and screening threshold on the estimation performance.

0.995
0.99
0.985
0.98

0.975

2
0.97
0 — — I - 0.965

Case 1 Case 2 Case 3 Case 4 Case S Case 6
=== RMSE ~=—-R? Score

Figure 11. Case-wise RMSE and R? score comparison according to screening sensitivity case.

As shown in Figure 11, Cases 1-3 show the lowest RMSE value and an R? score of
0.9998, because these conditions retain most of the network elements and produce results
close to the full-scale case. Case 4 shows a slightly higher RMSE of 0.8605, but its R? score
remains very high at 0.9993. This indicates that the power-contribution-dominant condition
preserves the overall PV contribution pattern while reducing the dataset scale. In contrast,
Cases 5 and 6 show larger RMSE values as the threshold increases, while their R? scores
are lower than those of Cases 1-4. This indicates that excessive screening can remove
meaningful PV contribution information and degrade prediction performance.

The dataset generation time for each sensitivity case is compared in Figure 12 to
evaluate the computational efficiency of the screening conditions.

1400
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Figure 12. Case-wise dataset generation time for screening parameter selection.
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As shown in Figure 12, Cases 1-3 require the same dataset generation time as the full-
scale case, indicating that these weighting conditions do not provide meaningful screening
reduction. Case 4 reduces the dataset generation time from 21 h 34 min 15 s to 21 min 34 s,
corresponding to an approximately 60-fold reduction. Although Cases 5 and 6 further
reduce the computational time, their prediction accuracy decreases, as shown in Figure 11.

Based on these results, Case 4 was selected as the final screening condition. Cases
1-3 provide the highest prediction accuracy, but they do not reduce the dataset generation
time. Cases 5 and 6 provide shorter dataset generation times, but their prediction errors
increase due to excessive screening. In contrast, Case 4 maintains a high R? score of 0.9993
while significantly reducing the dataset generation time. Therefore, Case 4 provides the
best balance between prediction accuracy and computational efficiency. The weighting
coefficients and threshold were set to wp = 0.8, wy = 0.1, wgq = 0.1, and threshold = 0.1.
The selected parameter setting was used for the subsequent prediction accuracy and
computational efficiency evaluations.

3.4.2. Prediction Accuracy Evaluation

To quantitatively evaluate the prediction accuracy of the proposed screening-scale
machine learning algorithm, the estimation results are compared with two baseline meth-
ods: the PF-based power tracing method and the full-scale machine learning model. The
PF-based power tracing method is used as the physics-based baseline and reference solu-
tion because it directly calculates load-level PV contribution through repeated power-flow
and power-tracing calculations. The full-scale machine learning model is used as the
data-driven baseline because it is trained using the complete dataset without the proposed
screening process. In this comparison, the normalized absolute error (NAE) is defined
as the ratio of the total absolute prediction error to the total PF-based PV contribution
value, thereby mitigating the distortion that can occur when very small reference values
are included in the error calculation. The prediction accuracy comparison results for each
simulation scenario and operating case are summarized in Table 5.

Table 5. Comparison of Normalized Absolute Error Based on PF-Based Power Tracing Results.

Scenario Case  Full-Scale ML NAE [%]  Screening-Scale ML NAE [%]
S 1 A 14.3195 6.0588
cenario B 0.0034 0.0029
5 - A 0.0213 1.5851
cenario B 0.4078 3.8451
5 03 A 0.0084 0.0558
cenario B 0.0151 0.0089

As summarized in Table 5, the proposed screening-scale machine learning model
maintains low NAE values across all simulation scenarios. In Scenario 1, Case A shows
a relatively high NAE in the full-scale ML model. This result is mainly attributed to
the low PV output level and the localized contribution pattern under the single-point
interconnection condition. In Case A, the PV contribution is concentrated around a limited
downstream feeder segment, and several contribution values are relatively small. Therefore,
even small absolute prediction deviations can result in a larger normalized error. In
addition, the feature-importance analysis showed that the interconnection location variables
associated with the local downstream buses in Scenario 1 had relatively lower importance
than PMPP and several upstream or PV-adjacent bus variables. This indicates that the model
was less sensitive to localized contribution variations under the low-output condition. In
contrast, under Case B, the higher PV output produces a clearer and more dominant
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contribution pattern, allowing the model to estimate the PV contribution with a much
lower NAE.

In Scenario 2, the screening-scale model shows relatively larger prediction errors than
the full-scale model, particularly in Case B. This increase is mainly attributed to localized
prediction deviations at specific load buses rather than to the overall interconnection com-
plexity itself. Under the multi-point interconnection condition, the PV contribution to
certain loads becomes sensitive to branch-level power-flow redistribution characteristics,
and part of this localized interaction information may be underrepresented in the screened
dataset. As a result, relatively larger deviations are observed at several sensitive load buses,
leading to an increase in the NAE value. Nevertheless, the screening-scale model main-
tains an NAE value below 4%, indicating that the dominant PV contribution distribution
characteristics are still well preserved.

In Scenario 3, both the full-scale and screening-scale models exhibit very small
prediction errors. This result confirms that the proposed screening-scale model can
accurately reproduce the widely distributed PV contribution pattern even under the
complex multi-point interconnection configuration. In particular, the relatively uniform
PV contribution distribution observed in Scenario 3 enables the screening-scale model to
capture the overall spatial distribution trend without significant degradation in predic-
tion performance. Overall, these results demonstrate that the proposed screening-based
learning approach can preserve the dominant PV contribution distribution characteristics
while substantially reducing the dataset scale required for model training.

3.4.3. Computational Efficiency Evaluation

After selecting Case 4 as the final screening condition, the computational efficiency
of the resulting screening-scale model was compared with that of the full-scale learning
approach. A quantitative comparison between the screening-scale and full-scale machine
learning approaches is summarized in Table 6.

Table 6. Performance Comparison of Screening-Scale and Full-Scale Machine Learning Models.

Performance Screening-Scale ML Model Full-Scale ML Model
Dataset Generation Time 21m34s 21h34m15s
Model Training Time 2m2ls 13m4s
Root Mean Square Error 0.8605 0.2406
R? Score 0.9993 0.9998

In terms of dataset generation time, the screening-scale approach requires only 21 min
and 34 s, whereas the full-scale approach requires 21 h, 34 min, and 15 s. This corresponds
to an approximately 60-fold reduction in dataset construction time, clearly demonstrating
the effectiveness of the proposed index-based screening strategy. By restricting dataset
generation to impact-relevant system elements, the proposed approach substantially re-
duces the number of repetitive power-flow and power-tracing simulations that dominate
the computational cost of conventional full-scale analysis.

A similar reduction is observed in model training time. The screening-scale learn-
ing requires only 2 min and 21 s, compared with 13 min and 4 s for the full-scale
learning. These results indicate that the reduction in dataset size not only accelerates
dataset generation but also alleviates the computational burden of the learning process,
while retaining the essential information required to characterize PV-induced power
contribution behavior.

With respect to prediction accuracy, the screening-scale model exhibits a higher RMSE
than the full-scale model. However, considering that the predicted load-level PV power
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contribution values are generally on the order of several hundred kW, the resulting de-
viation remains relatively small. In addition, both approaches maintain high coefficients
of determination, indicating that the overall distribution trends and spatial patterns of
PV power contributions across loads are well preserved despite the increase in absolute
error. These results demonstrate that the proposed screening-scale approach achieves a sub-
stantial improvement in computational efficiency while maintaining sufficient prediction
accuracy for practical PV power contribution estimation.

4. Conclusions

High penetration of PV systems introduces increasing complexity in distribu-
tion system operation, making it challenging to accurately assess load-level PV
power contributions using conventional simulation-based approaches due to excessive
computational burden. To address this challenge, this paper proposes a screening-
based machine learning algorithm for efficient PV power contribution estimation in
distribution networks.

The proposed approach is motivated by the observation that PV-induced power
redistribution does not occur uniformly across the network but is instead concentrated
along specific interconnection paths and localized regions. A PV Impact-Range Index
was introduced to quantify the effective influence range of an additional PV system by
jointly considering power sensitivity, voltage sensitivity, and electrical distance. Based
on this index, impact-relevant buses were systematically identified under single-bus
interconnection conditions, enabling effective screening of simulation cases prior to
dataset construction. This process significantly reduced repetitive power-flow and
power-tracing simulations while preserving the dominant characteristics of PV-induced
power contribution patterns.

Using the screened dataset, a Random Forest-based supervised learning model was
developed to predict the load-level power contributions of an additional PV system from
its output levels and interconnection configurations. Simulation results on a 19-bus test
system demonstrated that the proposed screening-scale learning approach successfully
reproduced the spatial distribution trends of PV power contributions obtained from full-
scale learning and PF-based power tracing, while achieving substantial reductions in
dataset generation and model training time. These load-level contribution estimates can
be used to assess candidate PV interconnection locations, identify loads significantly
affected by additional PV integration, and support distribution network operation
and planning.

The proposed method assumes that network topology and system parameters, in-
cluding bus-line connectivity, feeder configuration, line impedance, load locations, PV
interconnection points, load demand, and DER capacity, are available and sufficiently
accurate. Therefore, the current validation is limited to the topology, load condition, PV
output range, and interconnection configurations represented in the simulation dataset. If
these data are incomplete, inaccurate, or outdated, the accuracy of the power-flow analysis,
power-tracing results, and screening outcome may be affected.

Future work will extend the proposed algorithm to scenarios involving multiple simul-
taneously interconnected PV systems and time-varying operating conditions. In addition,
the applicability of the proposed algorithm will be further investigated using larger-scale
distribution networks and real measurement data, as well as through comparisons with al-
ternative machine learning models to enhance robustness and generality. Furthermore, the
proposed framework may be extended to other types of DERs to evaluate its applicability
beyond PV-based contribution estimation.
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