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Abstract

Distributed generation (DG) interconnection in radial distribution networks is often eval-
uated through voltage-based hosting-capacity studies that lead to binary accept/reject 
decisions. This paper evaluates a two-stage optimal-power-flow (OPF)–machine-learning 
framework for rapid pre-feasibility screening. A revised AC optimal power flow (OPF) 
scenario set contains 20,000 cases spanning 21 candidate DG buses, active-power injec-
tions up to 1.8 MW, and loading factors from 0.45 to 1.10. Of 19,930 solver-successful cases, 
12,300 satisfy the 0.95–1.05 p.u. engineering voltage criterion and 7630 are non-compliant. In 
Stage 1, a decision-tree classifier separates feasible and non-compliant cases using categorical 
DG location, P_DG, and loading factor α, achieving 97.41% accuracy, 97.91% F1-score, 96.37% 
specificity, and receiver operating characteristic area under the curve (ROC-AUC) = 0.9908 
under stratified 10-fold cross-validation. In Stage 2, only feasible scenarios are passed to 
regression surrogates that predict the signed optimal reactive-power setpoint Q_DG*. The 
neural network achieves a coefficient of determination (R2 ) = 0.9996, root mean square error 
(RMSE) = 4.745 kVAr, and mean absolute error (MAE) = 1.964 kVAr. Surrogate inference 
requires microseconds per scenario compared with an average OPF solution time of 0.146 s. 
The framework is intended as a controlled pre-screening benchmark and does not replace 
detailed three-phase interconnection studies.

Keywords: distributed generation; reactive power support; optimal power flow; machine 
learning; hosting capacity

1. Introduction
The rapid growth of inverter-based distributed generation (DG), particularly pho-

tovoltaic generation, is reshaping radial distribution networks. Voltage-limit violations 
are among the main constraints identified in interconnection and hosting-capacity stud-
ies, which often lead to binary accept/reject decisions under a limited set of operating 
points [1–4]. Such decisions can be conservative because modern inverters can exchange 
reactive power and support voltage regulation, potentially enabling otherwise infeasible 
connections without immediate network reinforcement [5–8].

Optimization-based methods, including AC optimal power flow (AC–OPF), provide 
a rigorous way to quantify DG operation under network constraints [9,10]. Nevertheless, 
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repeatedly solving nonlinear OPF problems for many candidate buses, DG sizes, and 
loading conditions may be computationally inconvenient for routine screening. The central 
hypothesis tested here is that the optimal signed DG reactive-power setpoint produced 
by AC–OPF can be approximated with engineering-useful accuracy from a reduced set 
of readily available interconnection variables—DG location, active-power injection, and 
feeder loading—so that repeated online OPF solutions can be avoided. AC–OPF is used as a 
physics-based reference rather than as an exact global benchmark: because the formulation 
is nonlinear and nonconvex, convergence and local-stationarity behavior can depend on 
initialization, active constraints, and network parameters. These limitations are considered 
explicitly in the revised scenario-generation procedure.

Building on previous work on reactive power support for DG integration [11], the 
framework contributes: (i) an explicit two-stage screening procedure in which a binary 
feasibility classifier first separates voltage-compliant and non-compliant operating points 
and a regression surrogate then estimates the signed reactive-power setpoint only for feasible 
cases; (ii) a reproducible AC–OPF scenario-generation process covering DG location, active-
power level, and feeder loading; (iii) categorical encoding of DG location for ML training; 
and (iv) comparison of classification and regression models using out-of-fold performance, 
signed-residual statistics, and measured inference time. Standard supervised-learning 
formulations used for the surrogate models are described in [12–14].

The method is evaluated using a deliberately simplified single-phase representation of 
the IEEE 34-node test feeder [15,16]. Voltage regulators, shunt capacitors, and step-down 
transformers are removed to isolate the voltage–reactive-power relationship attributable 
to the candidate DG. This controlled benchmark is not intended to reproduce the full 
behavior of an actual unbalanced feeder; phase unbalance, device-control interactions, and 
detailed transformer effects are outside the present scope. Consequently, the engineering 
conclusions are restricted to proof-of-concept pre-feasibility screening, and extension to 
detailed three-phase networks is identified as future work.

2. Methodology
The framework combines physics-based optimization and data-driven learning in five 

elements: network modeling, AC–OPF formulation, scenario sampling, Stage-1 feasibil-
ity classification, and Stage-2 reactive-power regression, as summarized conceptually in 
Figure 1. For each scenario, the OPF inputs are the DG connection bus, fixed active-power 
injection P_DG, and feeder loading factor α. The OPF decision variables are bus voltage 
magnitudes and angles together with generator active/reactive powers; recorded outputs 
include the signed optimal DG reactive-power setpoint Q_DG*, voltage extrema, solver 
status, engineering-compliance label, and solve time. Both ML stages receive DG location 
encoded as 21 categorical one-hot indicators together with P_DG and α. Stage 1 predicts 
the binary compliance label, whereas Stage 2 predicts the signed Q_DG* setpoint only for 
scenarios labeled feasible.

2.1. Distribution Network Modeling
The test system is based on the IEEE 34-node radial feeder [15,16]. The radial struc-

ture is also consistent with branch-flow formulations commonly used for distribution net-
works [17]. Only phase A is modeled and loads are represented as constant PQ injections. 
Voltage regulators, shunt capacitors, and step-down transformers are deliberately removed 
so that their discrete or controlled voltage-support actions do not mask the intrinsic sensi-
tivity of feeder voltage to DG location, active-power injection, and reactive-power exchange. 
The resulting model is therefore a controlled passive-feeder benchmark, not a direct replica 
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of a utility feeder. Line impedances are obtained from the IEEE conductor-configuration 
data and physical line lengths. For a line connecting buses i and j,

𝑍𝑖𝑗 = (𝑅cfg + 𝑗𝑋cfg)
𝐿𝑖𝑗

5280 , (1)

where 𝑅cfg and 𝑋cfg are resistance and reactance per mile and 𝐿𝑖𝑗 is the line length in feet. 
The bus admittance matrix Ybus is assembled using the standard nodal formulation [18]; its 
real and imaginary parts define the conductance matrix G and susceptance matrix B.

Figure 1. Overall methodology for reactive-power-conditioned hosting capacity assessment using 
OPF-based dataset generation and machine learning surrogate models. The superscript * denotes 
the optimal OPF reactive-power setpoint. Abbreviations: DG, distributed generation; AC–OPF, AC 
optimal power flow; DT, decision tree; RF, random forest; SVR, support vector regression; NN, neural 
network; AUC, area under the receiver operating characteristic curve; RMSE, root mean square error; 
MAE, mean absolute error. P_DG, DG active power; α, feeder loading factor; Q_DG*, optimal signed 
DG reactive-power setpoint; Q_req, required reactive-power magnitude. The superscript * denotes 
the optimal OPF-derived setpoint.

2.2. AC Optimal Power Flow Formulation
The AC–OPF determines the minimum-magnitude reactive-power setpoint required 

from a candidate DG for a specified operating condition while prioritizing the engineering 
voltage criterion. Decision variables are voltage magnitudes V, voltage angles θ, and gener-
ator active/reactive powers P_g and Q_g. The sign convention follows the nodal balance 
equations: Q_DG > 0 denotes reactive-power injection into the feeder, whereas Q_DG < 0 
denotes reactive-power absorption. The regression target is the signed optimum Q_DG*; 
when only the required magnitude is discussed, Q_req = |Q_DG*|.

2.2.1. Power Balance Constraints
For each bus 𝑖 ∈ 𝒩 ,

𝑃𝑖
𝑔 − 𝑃𝑖

𝑑 = ∑𝑗∈𝒩 𝑉𝑖𝑉𝑗[𝐺𝑖𝑗cos(𝜃𝑖 − 𝜃𝑗) + 𝐵𝑖𝑗sin(𝜃𝑖 − 𝜃𝑗)], (2)

𝑄𝑖
𝑔 − 𝑄𝑖

𝑑 = ∑𝑗∈𝒩 𝑉𝑖𝑉𝑗[𝐺𝑖𝑗sin(𝜃𝑖 − 𝜃𝑗) − 𝐵𝑖𝑗cos(𝜃𝑖 − 𝜃𝑗)]. (3)
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2.2.2. Voltage and Generator Constraints
Voltage magnitudes satisfy

𝑉min ≤ 𝑉𝑖 ≤ 𝑉max (4)

To keep severe radial-feeder cases numerically solvable, voltage variables use broad numer-
ical bounds of 0.70–1.15 p.u.; engineering compliance is assessed against 0.95–1.05 p.u. using 
non-negative voltage-violation slack variables that are strongly penalized in the objective. 
The 0.95–1.05 p.u. band is used here as an engineering screening criterion for the bench-
mark and is not intended to reproduce all requirements of IEEE 1547 or a specific local 
interconnection code. The candidate DG has |Q_DG| ≤ 0.5 MVAr and S_DG = 2.0 MVA, 
which is compatible with the sampled active-power range up to 1.8 MW:

𝑄min
𝑔 ≤ 𝑄DG

𝑔 ≤ 𝑄max
𝑔 , (5)

(𝑃DG
𝑔 )

2
+ (𝑄DG

𝑔 )
2

≤ (𝑆max
𝑔 )

2
. (6)

2.2.3. Objective Function
The revised objective first minimizes violations of the 0.95–1.05 p.u. engineering 

band and, when zero violation is attainable, minimizes the magnitude of the signed DG 
reactive-power setpoint:

min M Σi (si −  + si + ) + (Q_DG/Q_max)2  + w_s(P_slack2  + Q_slack2 ) (7)

Here, si −  and si +  quantify lower- and upper-voltage-band violations, M is a large 
penalty coefficient, and w_s is a small slack-bus regularization weight. The optimized 
quantity Q_DG* is a signed setpoint: positive values denote reactive-power injection and 
negative values denote absorption. When only inverter capability magnitude is required, 
Q_req = |Q_DG*| is obtained as a derived quantity; Q_req is not the regression target. Cases 
that cannot attain the engineering band within the modeled DG capability are retained as 
non-compliant screening outcomes rather than being assigned a regression target. IPOPT is 
used to obtain locally optimal NLP solutions; solver termination is checked explicitly, and 
failed cases are excluded from ML training. As with any nonconvex AC–OPF, the solution 
can remain sensitive to initialization and network-parameter assumptions, so the OPF labels 
should be interpreted within the stated benchmark model.

2.3. Scenario Sampling and Dataset Generation
A total of 20,000 scenarios are generated. The DG connection bus is sampled uniformly 

from buses 2–22. For P_DG, 70% of samples are drawn uniformly from 0 to 0.8 MW and 
30% from 0.8 to 1.8 MW. For the loading factor α, 60% of samples are drawn uniformly from 
0.70 to 0.95, 30% from 0.95 to 1.10, and 10% from 0.45 to 0.70. In the revised dataset, all 
nodal loads are scaled deterministically by α; no additional unobserved bus-by-bus random 
perturbations are applied, thereby removing hidden ambiguity between the surrogate 
inputs and the OPF target:

P_d,i = α P_d,i0 ,      Q_d,i = α Q_d,i0 (8)

The solver successfully terminates for 19,930 of the 20,000 generated scenarios (99.65%). 
Among the solver-successful cases, 12,300 (61.72%; 61.50% of all generated cases) achieve 
the 0.95–1.05 p.u. engineering band within the DG reactive-power and apparent-power 
limits, whereas 7630 are non-compliant. The 19,930 solver-successful cases are used for 
Stage-1 classification; only the 12,300 compliant cases form the Stage-2 regression dataset. 

https://doi.org/10.3390/engproc2026158027

https://doi.org/10.3390/engproc2026158027


Eng. Proc. 2026, 158, 27 5 of 10

The 70 solver-failed cases are recorded separately and excluded from ML training. For each 
successful case, Q_DG*, |Q_DG*|, voltage extrema, compliance status, and OPF solution 
time are stored.

For reproducibility, scenario sampling uses the fixed random seed 20260911. The OPF 
is solved using Pyomo 6.5 with IPOPT 3.14.5 using the stated model and default solver toler-
ances; voltage variables use the broad numerical envelope 0.70–1.15 p.u., while 0.95–1.05 p.u. 
defines the engineering-compliance label. The DG limits are |Q_DG| ≤ 0.5 MVAr and 
S_DG = 2.0 MVA; the soft-voltage penalty and slack-bus regularization weights are M = 106  
and w_s = 10−3 , respectively. The full dataset records scenario ID, DG bus, P_DG, α, solver 
termination/status, compliance label, signed Q_DG*, reactive-power magnitude, voltage 
extrema, and solve time. Both ML stages are implemented in MATLAB R2023a and use 
10-fold cross-validation with the same fixed seed; Stage 1 uses stratified folds. The complete 
datasets and Python/MATLAB scripts are supplied as the Supplementary Materials.

2.4. Machine Learning Models
Machine learning is used in two distinct roles. Stage 1 is a binary feasibility classifier 

trained on all 19,930 solver-successful scenarios, with the 0.95–1.05 p.u. compliance label 
as the target. Decision-tree (DT) and random-forest (RF) classifiers are evaluated using 
stratified 10-fold cross-validation. Stage 2 is a regression surrogate trained only on the 
12,300 compliant scenarios. Its target is the signed optimal reactive-power setpoint Q_DG*, 
and the regression mapping is

(z_bus, 𝑃DG
𝑔 , 𝛼) → 𝑄∗

𝐷𝐺. (9)

where z_bus denotes the 21-element one-hot representation of DG location. Thus, 
Q_req = |Q_DG*| is only a post-processed magnitude and is not the variable learned by 
the regression models. Stage-2 regression is evaluated with DT, RF, SVR, and feedforward 
NN models using 10-fold cross-validation. P_DG and α are the two continuous inputs, 
giving 23 features in total together with z_bus. Only the continuous inputs are standardized 
fold-by-fold for SVR and NN. Out-of-fold predictions are evaluated using MSE, RMSE, 
R2 , MAE, mean and median signed residuals (Q_pred − Q_OPF), and the 95th percentile 
of absolute error. Inference time is measured on held-out fold batches after a warm-up 
prediction and normalized per sample. The principal regression hyperparameters are 
summarized in Table 1.

Table 1. Main hyperparameters of the evaluated ML regression models.

Hyperparameters/Architecture Model

Minimum leaf size = 5 Decision Tree (DT)
Number of trees = 100; bootstrap aggregation enabled Random Forest (RF)
Gaussian (RBF) kernel; automatic kernel scale; box constraint = 1 Support Vector Regression (SVR)
Feedforward network; hidden layers = [20, 10]; ReLU activation; linear output Neural Network (NN)

2.5. Operational Two-Stage Screening Procedure
For a new candidate scenario x = (z_bus, P_DG, α), Stage 1 first predicts whether the 

available inverter capability can satisfy the 0.95–1.05 p.u. engineering voltage criterion. If 
the case is classified as non-compliant, the regression surrogate is not applied; instead, the 
request is flagged for detailed OPF/interconnection analysis, a different inverter capability, 
operating-point modification, or network reinforcement. If the case is classified as feasible, 
Stage 2 estimates the signed setpoint Q_DG*. Formal interconnection decisions must still 
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be verified with the detailed electrical model because the classifier is a screening surrogate 
rather than a protection against all false-feasible classifications.

3. Results and Discussion
3.1. Two-Stage Screening Performance

Stage 1 is evaluated on all 19,930 solver-successful scenarios (12,300 feasible and 
7630 non-compliant). The DT classifier achieves 97.41% accuracy, 97.75% precision, 
98.06% recall, 96.37% specificity, F1 = 97.91%, balanced accuracy = 97.21%, and ROC-
AUC = 0.9908. At the default classification threshold, its out-of-fold confusion counts 
are 12,061 true positives, 7353 true negatives, 277 false positives, and 239 false negatives. 
RF reaches ROC-AUC = 0.9938 but has lower threshold-based performance (95.32% ac-
curacy; F1 = 96.22%) and substantially higher inference time, so DT is retained as the 
Stage-1 screening classifier. Conditional on feasibility, Table 2 reports Stage-2 regression per-
formance. The NN provides the highest accuracy by a clear margin, with R2  = 0.9996, 
RMSE = 4.745 kVAr, and MAE = 1.964 kVAr. DT remains accurate and interpretable 
(R2  = 0.9719; RMSE = 37.612 kVAr), RF gives R2  = 0.9587, and SVR gives R2  = 0.6540. The 
NN mean signed residual is 0.005 kVAr and the DT mean signed residual is −1.328 kVAr, 
both small relative to the ±500 kVAr target range.

Table 2. Performance of ML regression models using K-fold cross-validation (K = 10).

Prediction Time (𝛍s/Sample) R2 MAE (kVAr) RMSE (kVAr) Model

1.106 0.9719 21.753 37.612 Decision Tree
114.918 0.9587 28.781 45.613 Random Forest
141.006 0.6540 91.400 132.048 Support Vector Regression
0.504 0.9996 1.964 4.745 Neural Network

Because model training is performed offline, training time is not used as the primary 
argument for online applicability. The mean OPF solution time for the compliant cases is 
0.1456 s per scenario (median 0.1200 s; 95th percentile 0.2247 s), whereas batched surro-
gate inference requires approximately 0.504 μs/sample for NN, 1.106 μs/sample for DT, 
114.9 μs/sample for RF, and 141.0 μs/sample for SVR. Thus, the revised evidence supports 
several orders of magnitude reduction in per-scenario evaluation time. NN is preferred 
when predictive accuracy is paramount, while DT remains attractive when transparent 
rule-based interpretation is desired.

3.2. Parity Analysis
Figure 2 compares OPF-derived signed Q_DG* values and out-of-fold ML predictions. 

NN predictions remain tightly concentrated around the ideal diagonal over the full −500 to 
+500 kVAr range. DT and RF reproduce the overall mapping with larger local deviations, 
whereas SVR shows pronounced compression toward the center of the target range.

3.3. Three-Dimensional Analysis
Figures 3 and 4 examine DT behavior in the input space and through signed residuals. 

The predicted landscape broadly follows the OPF-derived reactive-power pattern across 
DG location, active-power injection, and loading factor. Unlike the original absolute-error 
plot, Figure 4 uses the signed residual e_Q = Q_pred − Q_OPF. The overall DT residual 
distribution has a mean of −1.33 kVAr and a median of 0.09 kVAr, providing quantitative 
evidence of small global bias. A separate bus-location analysis shows that error is not 
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spatially uniform: DT MAE is approximately 11–14 kVAr for many downstream buses 
but is larger at several upstream/intermediate locations. Buses 2–4 contain only 3, 8, and 
37 compliant samples, respectively, so their bus-specific statistics are not interpreted as 
robust generalization estimates.

Figure 2. Parity plots of OPF-derived versus out-of-fold predicted signed DG reactive-power setpoints 
for the four surrogate models. DG location is encoded categorically; the solid line denotes the 
ideal relationship.

Figure 3. Three-dimensional comparison of the signed reactive-power setpoint across DG connection 
bus, active-power injection P_DG, and loading factor α: left, OPF-derived reference; right, decision-
tree prediction.

3.4. Engineering Implications and Limitations
The revised framework makes the screening logic explicit. Stage 1 first separates likely 

voltage-compliant and non-compliant cases, and Stage 2 estimates Q_DG* only for cases 
classified as feasible. This avoids applying the regression model outside the population on 
which it was trained. The DT classifier is highly accurate but not perfect: 277 of 7630 truly 
non-compliant out-of-fold cases are labeled feasible, corresponding to 96.37% specificity. 
Therefore, the method is intended for preliminary prioritization rather than automatic 
interconnection approval; borderline or formally submitted cases should still be verified 
using the detailed electrical model. For feasible cases, surrogate inference is measured in 
microseconds per scenario, whereas the reference OPF requires approximately 0.146 s on 
average. The broader scope remains intentionally limited to one simplified single-phase 
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feeder with removed voltage-control devices, fixed network parameters, one DG capability 
model, and deterministic load scaling through α. External validation on detailed unbalanced 
feeders is required before operational deployment.

Figure 4. Decision-tree residual analysis. (Top left): signed residuals (Q_pred − Q_OPF) across the 
input space. (Top right): residual distribution with mean and median values. (Bottom): MAE and 
mean signed residual by DG connection bus, providing a location-specific error assessment. In the 
(top-left) panel, color denotes the signed residual according to the color bar; in the (bottom) panel, 
bars denote MAE and the line denotes mean signed residual.

4. Conclusions
This paper evaluated a two-stage OPF–ML framework for rapid DG pre-feasibility 

screening on a controlled single-feeder benchmark. A revised set of 20,000 OPF scenarios 
was generated over 21 candidate buses, P_DG up to 1.8 MW, and loading factors from 
0.45 to 1.10. Of these, 19,930 were solved successfully; 12,300 were voltage-compliant and 
7630 were non-compliant. Stage 1 uses a DT classifier to separate these outcomes and 
achieved 97.41% accuracy, 96.37% specificity, F1 = 97.91%, and ROC-AUC = 0.9908 under 
stratified 10-fold cross-validation. Stage 2 is applied only to cases classified as feasible and 
predicts the signed Q_DG* setpoint; the NN achieved R2  = 0.9996, RMSE = 4.745 kVAr, 
and MAE = 1.964 kVAr. Categorical encoding of DG location and deterministic loading 
through α make the surrogate inputs explicit, while the supplied dataset and code improve 
reproducibility. Because Stage 1 can still produce false-feasible classifications and the 
feeder model is simplified, the framework should be interpreted as a fast screening aid that 
complements rather than replaces detailed three-phase interconnection studies.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/engproc2026158027/s1, File S1: complete 20,000-scenario OPF 
dataset; File S2: 12,300-case compliant regression subset; File S3: Python notebook for OPF scenario 
generation (Pyomo 6.5, IPOPT 3.14.5); File S4: MATLAB R2023a script for Stage-2 regression training; 
File S5: MATLAB R2023a script for Stage-1 feasibility classification; File S6: Stage-2 regression metrics; 
File S7: Stage-1 classifier metrics; File S8: Stage-1 out-of-fold predictions; File S9: Stage-1 metrics by 
DG bus. The supporting files provided with this article include the complete 20,000-scenario OPF 
dataset, the 12,300-case compliant regression subset, the Python notebook used for OPF scenario 
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generation, the MATLAB scripts used for Stage-1 feasibility classification and Stage-2 regression, and 
summary output files documenting the reported performance metrics.
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