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Abstract—Distribution system operators (DSOs) impose con-
servative, topology-blind active-power export bounds to guar-
antee voltage feasibility, but such bounds lead to unnecessary
photovoltaic (PV) curtailment. This paper proposes a data-
driven approach in which the aggregator exploits its partial
voltage visibility to identify linear voltage surrogates via quantile
regression (QR) and enforces them as dispatch constraints. The
quantile formulation controls the underapproximation budget on
training data; the out-of-sample calibration gap is characterized.
QR is compared against ordinary least squares (OLS) and Ridge
regression baselines with out-of-sample validation using pinball
loss and calibration rate. Simulations on the IEEE 33-bus and 69-
bus radial feeders under three visibility levels (100%, 80%, 60%)
and three underapproximation budgets (ϵ ∈ {0.08, 0.06, 0.05})
show that QR achieves a significantly higher injection cap on
the 33-bus feeder (+20–23 percentage points), while on the 69-
bus feeder the gains are configuration-dependent. Notably, OLS
at full visibility can yield lower utilization than the baseline,
demonstrating that the conservative quantile bias is essential. The
analysis also reveals that under partial visibility, the AC power-
flow bisection, rather than the surrogate, becomes the binding
constraint.

Index Terms—Distributed energy resources, voltage con-
straints, aggregator dispatch, quantile regression, partial observ-
ability, distribution networks.

I. INTRODUCTION

THE increasing penetration of distributed energy resources
(DERs), especially photovoltaic (PV) generation, creates

operational challenges in radial distribution networks. Voltage
rise caused by active-power injection from downstream buses
may exceed admissible limits even when thermal constraints
are not binding [1], [2].

When DERs are coordinated by an aggregator, the aggre-
gator generally lacks access to the full network topology
and has only partial voltage visibility: measurements are
available at a subset of buses [3], [4]. As a consequence,
the aggregator relies on DSO-imposed export bounds as the
primary protective mechanism. In the most conservative case,
a single common active-power limit is applied to all DERs,
all buses, and all time periods. Such a rule guarantees voltage
security but is typically overly restrictive [5].

The literature on voltage control shows that bus voltage
can often be approximated by a linear function of active and
reactive injections [2], [6]. Such surrogates, once identified
from data, can be used by the aggregator without explicit
knowledge of the feeder topology. The purpose of this study
is to make the worst-case philosophy less conservative by
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using partial visibility to learn voltage-related constraints that
enable more intelligent dispatch. The method can be viewed
as a dynamic, dispatch-integrated form of hosting capacity
allocation, where the injection cap is adapted based on learned
voltage sensitivities rather than fixed by worst-case topology
analysis.

Since the surrogate is used inside the dispatch problem,
it must not be overly optimistic. The key insight is that
the contribution lies not in learning a linear voltage model
per se, but in controlling its conservative bias: a surrogate
that fits the conditional mean (OLS, Ridge) can be counter-
productive, yielding more curtailment than the topology-blind
baseline. The proposed approach controls the proportion of un-
derapproximation points through quantile regression (QR) [7],
testing budgets ϵ ∈ {0.08, 0.06, 0.05}. Surrogate quality is
evaluated on both training and held-out test data (30% of
samples) using pinball loss and calibration rate, the proper
metrics for quantile models.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III states the problem.
Section IV presents the methods. Section V presents numerical
results. Section VI discusses findings. Section VII concludes.

II. RELATED WORK

The linearized DistFlow equations [1] provide a tractable
approximation of power flow in radial networks. Extensions
to sensitivity-based representations, where voltage magnitude
is a linear function of nodal injections, are developed in [6],
and the convex relaxation framework of [2] further justifies
linear surrogates for optimization. Data-driven methods that
learn voltage sensitivities directly from measurements have
recently been proposed [8]–[11]. In particular, [11] introduces
a mean-corrected recursive estimator for online sensitivity up-
dates in PV-rich feeders, demonstrating that adaptive surrogate
maintenance improves dispatch robustness under time-varying
operating conditions—a complementary direction to the offline
identification pursued here. In contrast to global feasibility-
learning approaches such as [12], which learn the full AC-
feasible set via differentiable optimization layers, the present
work focuses on conservative per-bus surrogate constraints
enforceable by aggregators without full network knowledge.
Direct numerical comparison with [8]–[10] is outside the scope
of this work: those methods operate in a closed-loop real-time
control setting at the DSO level with full network access,
whereas the proposed approach is an offline aggregator-side
dispatch framework under partial visibility. The two paradigms
are complementary rather than competing.



Distributionally robust and chance-constrained OPF formu-
lations guarantee Pr(Vi > V max) ≤ α with robustness to
distributional uncertainty [13], [14]. Unlike these approaches,
which require access to the full network model and operate
at the DSO level, our method operates at the aggregator level
under partial visibility. Data-driven hosting capacity estima-
tion [15] determines the maximum DER penetration a feeder
can accommodate; the recent equitable curtailment framework
of [16] further addresses overvoltage mitigation in PV-rich
active distribution networks through fair injection allocation,
which the present dispatch-integrated approach complements
by learning voltage-aware caps online.

The coordination of DER aggregators under DSO-imposed
constraints has received increasing attention [3], [4]. Con-
servative power-injection caps are commonly used to trans-
late voltage-security requirements [5]. The present work fol-
lows this philosophy while relaxing the conservatism through
voltage-awareness at the aggregator level. Similar to safety-
filter approaches in learning-based OPF [17] and safe multi-
agent reinforcement learning for decentralized DER con-
trol [18], our AC power-flow bisection provides a second pro-
tection layer beyond statistical calibration, forming a two-layer
safety architecture (statistical + physics-based). Unlike [18],
which requires online interaction with the environment to
learn safety guarantees, our approach is fully offline and does
not assume access to real-time feedback from the distribution
network.

Quantile regression [7], [19] provides a convex framework
to fit linear models with asymmetric loss. Unlike standard
least-squares methods, QR naturally biases the surrogate to-
ward conservative (overapproximating) predictions, which is
precisely what is needed when the surrogate serves as a
dispatch constraint. The closest methodological antecedent
is [20], which applies deep quantile regression as a surrogate
model for joint chance-constrained OPF with renewable gener-
ation. The present work differs in three respects: it targets the
aggregator’s offline dispatch problem rather than the DSO’s
online OPF; it employs a linear (interpretable) surrogate
rather than a neural network; and it explicitly characterizes
partial-visibility effects. Conformal prediction methods [21]
offer distribution-free coverage guarantees that could further
strengthen the statistical layer; this extension is discussed in
Section VI.

III. PROBLEM FORMULATION

A. Notation and Feasibility Metric
Let N denote the set of buses and NDER ⊆ N the

subset hosting DERs. The available PV generation is P̄i(t).
Bus net injections are Pnet

i (t) = PDER
i (t) − PL

i (t) and
Qnet

i (t) = QDER
i (t) − QL

i (t). The admissible voltage inter-
val is [V min, V max] = [0.95, 1.05] p.u. The global voltage-
feasibility rate is

ϕ =
1

T

T∑
t=1

1
(
∀i ∈ N , Vi(t) ∈ [V min, V max]

)
,

and a dispatch is acceptable if ϕ ≥ 0.9.

B. Compared Approaches

Four approaches are compared:
1) Conservative baseline: a single common worst-case in-

jection fraction γ ∈ [0, 1], independent of bus and time.
2) OLS surrogate: ordinary least squares regression of

voltage on net injections, incorporated into the dispatch
LP.

3) Ridge surrogate: ℓ2-regularized regression (α = 1.0),
same dispatch structure.

4) Proposed QR surrogate: quantile regression at τ = 1−ϵ,
providing a built-in conservative bias.

The aggregator’s incentive is economic: revenue is propor-
tional to dispatched energy. A tighter cap reduces revenue;
voltage-aware dispatch may justify a relaxed cap.

C. Portfolio and Partial Visibility

The aggregator observes voltage, knows load, and controls
DER injection only at portfolio buses NV,vis. Non-portfolio
buses are opaque. The visibility percentages 100%, 80%,
and 60% correspond to the share of feeder buses in the
portfolio. Under reduced visibility, the surrogate is fitted and
enforced only on portfolio buses; non-portfolio injections act
as unmodeled disturbances absorbed by the intercept and the
budget ϵ.

IV. METHODS

A. Baseline: Common Worst-Case Envelope

All DERs are constrained by a fixed injection fraction
γ: PDER

i (t) = γ P̄i(t). The largest feasible γ is found by
bisection: maxγ γ s.t. ϕ ≥ 0.9, evaluated by full AC power
flow over all T = 360 hours.

B. OLS and Ridge Baselines

To assess the added value of quantile regression, two mean-
regression baselines are incorporated into the same dispatch
LP structure. Both OLS and Ridge fit the conditional mean,
producing surrogates where approximately 50% of predictions
underestimate the true voltage—precisely the opposite of
the conservative bias required for safe dispatch. The Ridge
regularization parameter α = 1.0 is fixed rather than cross-
validated; its purpose is to provide a regularized mean-
regression baseline rather than an optimally tuned predictor.
Cross-validated Ridge would improve R2 on the IEEE 69-
bus feeder but would preserve πunder ≈ 50%, leaving the
qualitative comparison with QR unchanged.

C. Proposed: QR-Based Voltage Constraints

The voltage at a portfolio bus is approximated by the affine
model

V̂i(t) = ai +
∑

j∈NV,vis

bijP
net
j (t) +

∑
j∈NV,vis

cijQ
net
j (t).

The DER injection is PDER
i (t) = αi(t)P̄i(t) with 0 ≤

αi(t) ≤ ρ.



1) Offline Identification: Controlling underapproximation
at level ϵ is equivalent to fitting the (1− ϵ)-quantile. For each
visible bus i:

min
θi

Ns∑
s=1

ρτ
(
V

(s)
i − V̂

(s)
i (θi)

)
, τ = 1− ϵ,

with pinball loss ρτ (u) = τ u1(u ≥ 0) + (τ − 1)u1(u < 0).
This is a linear program (LP) solvable by standard solvers. On
a standard workstation using HiGHS [22], the wall-clock time
per bus is below 0.1 s for Ntrain = 800 samples and 2|N |
features. The QR identification is performed once offline; the
online dispatch LP is then solved independently for each of
the T = 360 hourly intervals.

2) Out-of-Sample Validation: The dataset of Ns = 1142
operating points (each generated by randomly sampling an
hour and a scaling factor, then running AC power flow) is
split into training (70%, Ntrain = 800) and test (30%, Ntest =
342). These points are independent of the T = 360 simulation
hours used for dispatch evaluation.

For QR, the proper scoring metric is the pinball loss at
τ = 1− ϵ, averaged over visible buses and test samples. The
calibration rate measures the fraction of predictions where
V̂i ≥ Vi; for a well-calibrated τ -quantile model this should
be ≈ τ . For OLS and Ridge, R2 is reported alongside pinball
loss at τ = 0.5.

3) Dispatch and Tightening: The aggregator solves, for
each hour t: maxα(t)

∑
i αi(t)P̄i(t) subject to 0 ≤ αi(t) ≤ ρ

and V min ≤ V̂i(t) ≤ V max for all i ∈ NV,vis. The dispatch
is validated via full AC power flow on all buses. If ϕ < 0.9,
ρ is tightened by bisection until the feasibility target is met.

V. NUMERICAL RESULTS

A. Simulation Setup

Two standard radial feeders are modeled in pan-
dapower [22]: the IEEE 33-bus [1] and 69-bus [23] feeders,
with ≈40% of buses hosting DERs. The simulation horizon
is 15 days with hourly resolution (T = 360). The slack bus
voltage is V0 = 1.045 p.u. Load profiles combine residential,
commercial, and mixed daily shapes with seasonal and week-
end variations. PV profiles follow a Gaussian day shape with
cloud noise. PV capacity is auto-calibrated so that the baseline
γ falls in [0.45, 0.75].

Three visibility levels (100%, 80%, 60%) and three hidden-
bus selections (seeded for reproducibility) are tested. After
each dispatch, the full AC power flow is run on the complete
network and all bus voltages are checked.

B. Surrogate Quality

Table I reports R2 scores at 100% visibility. All methods
achieve excellent fit (OLS and QR: R2 > 0.996; Ridge
on IEEE 69: R2 ≈ 0.92 due to over-regularization with
α = 1.0), with negligible train-test gap confirming that the
linear approximation does not overfit. However, R2 is a mean-
prediction metric and is not appropriate for evaluating quantile
models. Table II reports the proper QR metrics: pinball loss
at τ = 1− ϵ and calibration rate.

TABLE I
SURROGATE QUALITY (R2) AT 100% VISIBILITY.

Network Method R2
train R2

test

5*IEEE 33 OLS 0.9996 0.9994
Ridge 0.9973 0.9972
QR (ϵ=0.08) 0.9987 0.9986
QR (ϵ=0.06) 0.9984 0.9983
QR (ϵ=0.05) 0.9983 0.9981

5*IEEE 69 OLS 0.9993 0.9990
Ridge 0.9235 0.9217
QR (ϵ=0.08) 0.9979 0.9977
QR (ϵ=0.06) 0.9972 0.9970
QR (ϵ=0.05) 0.9968 0.9966

TABLE II
PINBALL LOSS AND CALIBRATION RATE AT 100% VISIBILITY. FOR QR,

τ = 1− ϵ; FOR OLS/RIDGE, τ = 0.5.

Network Method Pinball (×10−4) Calibration
(lr)3-4(lr)5-6 Train Test Train Test
5*IEEE 33 OLS (τ=0.5) 1.15 1.33 0.581 0.554

Ridge (τ=0.5) 2.39 2.28 0.576 0.579
QR (ϵ=0.08) 0.52 0.58 0.922 0.885
QR (ϵ=0.06) 0.42 0.46 0.942 0.917
QR (ϵ=0.05) 0.36 0.40 0.952 0.928

5*IEEE 69 OLS (τ=0.5) 0.47 0.56 0.594 0.545
Ridge (τ=0.5) 1.41 1.42 0.606 0.575
QR (ϵ=0.08) 0.25 0.27 0.921 0.874
QR (ϵ=0.06) 0.20 0.21 0.941 0.915
QR (ϵ=0.05) 0.18 0.19 0.951 0.931

On training data, the calibration rate closely matches τ .
On test data, it drops by 3–5 percentage points (e.g., 0.885
vs. target 0.92 for ϵ = 0.08). This finite-sample gap is
expected [19] and does not compromise dispatch safety, since
the bisection provides a second protection layer via AC power-
flow validation.

C. Dispatch Performance

Table III summarizes the key metrics for both networks.
For each configuration, γ (baseline) or ρ (proposed) is the
maximum common injection fraction maintaining ϕ ≥ 0.9.
The PV utilization U , curtailed energy Ecurt (MWh), and
empirical underapproximation rate πunder are reported.

D. Graphical Results

Fig. 1 compares injection cap and utilization across methods
at 100% visibility. On the IEEE 33-bus feeder, QR achieves
ρ ≈ 0.999 while OLS and Ridge remain at ρ ≈ γ, demonstrat-
ing the critical role of the quantile bias. On the 69-bus feeder,
the advantage is smaller and depends on ϵ (see Discussion).

Fig. 2 shows results across all configurations and visibility
levels. On the 33-bus feeder, QR maintains ρ ≈ 0.999
regardless of visibility, with utilization ranging from 0.657
to 0.696. On the 69-bus feeder, the gains are configuration-
dependent.

Fig. 3 shows the minimum monitored-bus voltage over the
first week. The proposed method maintains all bus voltages
within the [0.95, 1.05] p.u. band while allowing significantly



TABLE III
SUMMARY OF RESULTS: INJECTION CAP (γ/ρ), FEASIBILITY RATE (ϕ), PV UTILIZATION (U ), CURTAILED ENERGY (Ecurt , MWH), AND EMPIRICAL

UNDERAPPROXIMATION RATE (πunder ).

Network Method Vis. (%) ϵ γ/ρ ϕ U Ecurt (MWh) πunder

16*IEEE 33 Baseline all n/a 0.462 0.90 0.462 335.2 n/a
OLS 100 n/a 0.462 0.90 0.453 340.6 41.9%
OLS 80 n/a 0.999 1.00 0.674 202.9 41.6%
OLS 60 n/a 0.999 0.99 0.665 208.7 43.3%
Ridge 100 n/a 0.462 0.90 0.453 340.9 42.4%
Ridge 80 n/a 0.485 0.90 0.463 334.7 42.0%
Ridge 60 n/a 0.999 0.94 0.673 204.0 44.1%
QR 100 0.08 0.999 1.00 0.696 189.2 7.8%
QR 100 0.06 0.999 1.00 0.696 189.7 5.8%
QR 100 0.05 0.999 1.00 0.695 189.9 4.8%
QR 80 0.08 0.999 1.00 0.668 206.9 7.7%
QR 80 0.06 0.999 1.00 0.667 207.3 5.8%
QR 80 0.05 0.999 1.00 0.667 207.4 4.8%
QR 60 0.08 0.999 1.00 0.658 213.0 8.0%
QR 60 0.06 0.999 1.00 0.658 213.3 6.0%
QR 60 0.05 0.999 1.00 0.657 213.5 5.0%

16*IEEE 69 Baseline all n/a 0.483 0.90 0.483 209.2 n/a
OLS 100 n/a 0.483 0.90 0.474 213.1 40.6%
OLS 80 n/a 0.483 0.90 0.474 213.1 41.2%
OLS 60 n/a 0.999 1.00 0.664 136.3 40.3%
Ridge 100 n/a 0.483 0.90 0.476 212.4 39.4%
Ridge 80 n/a 0.483 0.90 0.476 212.4 40.6%
Ridge 60 n/a 0.563 0.90 0.518 195.1 38.3%
QR 100 0.08 0.493 0.90 0.478 211.4 7.9%
QR 100 0.06 0.526 0.90 0.497 203.5 5.9%
QR 100 0.05 0.999 0.96 0.671 133.2 4.9%
QR 80 0.08 0.493 0.90 0.478 211.4 8.0%
QR 80 0.06 0.526 0.90 0.497 203.5 6.0%
QR 80 0.05 0.999 0.96 0.671 133.2 5.0%
QR 60 0.08 0.999 1.00 0.655 139.7 7.8%
QR 60 0.06 0.999 1.00 0.655 139.9 5.9%
QR 60 0.05 0.999 1.00 0.654 140.2 4.9%
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Fig. 1. Method comparison at 100% visibility: injection cap and utilization
for OLS, Ridge, and QR on IEEE 33-bus (top) and 69-bus (bottom).
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Fig. 4. Daily dispatched PV energy for IEEE 33-bus (top) and 69-bus
(bottom).

more PV injection than the baseline. The voltage time series
confirms that the QR surrogate does not trade off energy
dispatch for hidden voltage violations.

Fig. 4 shows the daily dispatched PV energy versus the
available PV over the 15-day period. QR consistently recovers
a larger share of available energy than the baseline, with the
gap most pronounced during high-generation days when the
baseline cap becomes most restrictive.

Fig. 5 illustrates the ϵ–ρ trade-off. On the 33-bus feeder, ρ
is insensitive to ϵ in the tested range. On the 69-bus feeder,
a non-monotone pattern emerges at 100% and 80% visibility
(discussed below).
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Fig. 5. Trade-off between ϵ and injection cap ρ for IEEE 33-bus (top) and
69-bus (bottom).
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Fig. 6. Per-bus average PV utilization for IEEE 33-bus (top) and 69-bus
(bottom).

Fig. 6 shows the average dispatched fraction per PV bus.
QR distributes curtailment more efficiently across buses than
the uniform baseline, concentrating injection on electrically
less sensitive buses and reducing curtailment on the most
constrained ones.

Fig. 7 compares in-sample and out-of-sample R2 for all
methods, confirming negligible overfitting. Fig. 8 and Fig. 9
show pinball loss and calibration rate; on test data, calibration
drops by 3–5 pp due to finite-sample effects.
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Fig. 8. Pinball loss (train vs. test) at 100% visibility.
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Fig. 9. Calibration rate (train vs. test). The target τ bar shows the ideal rate
for a perfectly calibrated model.

VI. DISCUSSION

The results reveal five key findings.
The conservative quantile bias is essential, not optional.

Table III shows that OLS at 100% visibility on the IEEE 33-
bus feeder yields U = 0.453, which is lower than the baseline
U = 0.462. The OLS surrogate’s optimistic predictions
(≈50% underestimation, Table II) cause the dispatch LP to
trigger more voltage violations than the uniform baseline,
forcing the bisection to tighten ρ below γ. By contrast, QR
at the same configuration achieves U = 0.696 (+23 pp). The
value of the proposed method therefore lies not in using a
linear surrogate per se, but specifically in the quantile bias
that prevents the surrogate from being counter-productive.

QR and OLS can invert at partial visibility. A subtler
effect appears at reduced visibility on the IEEE 33-bus feeder:
OLS at 80% achieves U = 0.674, marginally above QR at
U = 0.668 (Table III). This apparent reversal is consistent
with QR’s conservative bias: at partial visibility, the surrogate
constraints restrict per-bus injections below the global cap
ρ = 0.999. Since QR overapproximates more consistently
than OLS, it imposes tighter per-bus limits on the visible
buses, marginally reducing aggregate utilization. OLS, fitting
the conditional mean, produces looser per-bus constraints that
allow marginally more energy through once the bisection has

verified global AC feasibility. This does not invalidate QR’s
safety advantage—its lower πunder is precisely what prevents
undetected voltage violations—but it shows that utilization
and safety are not monotonically aligned across methods and
visibility levels.

Under partial visibility, the surrogate may not be the
binding constraint. On the IEEE 33-bus feeder, QR achieves
ρ ≈ 0.999 at all visibility levels, raising utilization by +20–
23 pp. On the IEEE 69-bus feeder, at 100% and 80% visibility
with ϵ = 0.08, QR achieves only ρ ≈ 0.493, comparable to the
baseline γ = 0.483. The dispatch LP enforces the surrogate
only on visible buses; after dispatch, the full AC power flow is
evaluated on all buses. If any hidden bus violates the voltage
limit, the bisection tightens ρ, and the method degenerates to
the baseline. The apparent gains at 60% visibility on the 69-bus
feeder reflect the particular random selection of hidden buses,
which happen to be electrically less sensitive. This clarifies
the scope: the QR surrogate adds value primarily when visible
buses capture voltage-critical locations.

The ϵ–ρ relationship can be non-monotone. On the
IEEE 69-bus feeder (Fig. 5, Table III), ϵ = 0.06 yields
ρ = 0.526, while the more conservative ϵ = 0.05 achieves
ρ = 0.999. At τ = 0.95, the quantile shift predicts voltages
sufficiently above true values that the surrogate constraint
V̂i ≤ V max becomes non-binding in the dispatch LP; the
LP dispatches at maximum ρ, and AC power-flow validation
remains feasible (ϕ = 0.96). At τ = 0.94, the shift is smaller
and the surrogate remains partially binding, capping ρ at 0.526.
The ϕ = 0.96 result for ϵ = 0.05 indicates that 14 of the 360
simulation hours experience at least one bus voltage violation;
these violations are the direct consequence of the surrogate
being non-binding, allowing an overly aggressive dispatch that
the bisection does not tighten further since ϕ ≥ 0.9 is still
satisfied. A stricter feasibility target (e.g., ϕ ≥ 0.99) would
force the bisection to tighten ρ in this regime. On the 33-
bus feeder, where the surrogate is consistently binding, ρ is
insensitive to ϵ.

The calibration guarantee degrades slightly out of sam-
ple. Table II shows that test-data calibration rates are sys-
tematically 3–5 pp below the target τ (e.g., 0.885 vs. 0.92 for
ϵ = 0.08). This finite-sample gap results from variability in the
quantile estimate and distributional shift between training and
test operating points. It does not compromise dispatch safety
because the bisection on AC power flow provides a second
protection layer, consistent with the two-layer safety architec-
ture advocated in [17]. For safety-critical deployments, confor-
mal prediction techniques [21] could provide distribution-free
coverage guarantees without distributional assumptions.

A. Limitations and Future Work

The present study has several limitations: (i) only active
power is controlled; extending to reactive power dispatch
would increase flexibility and reduce the reliance on the scalar
cap; (ii) the common bound ρ is a scalar applied uniformly
to all DERs; a bus-dependent cap ρi is a natural extension
that would improve the allocation of injection rights; (iii) the



feasibility criterion ϕ ≥ 0.9 counts violation hours but does
not account for violation severity or temporal clustering;
replacing it with a CVaR-based or chance-constrained formula-
tion [13], [14] would provide stronger probabilistic guarantees;
(iv) only a single 15-day period is simulated; multi-seasonal
validation would test surrogate robustness under distributional
shift, which could widen the out-of-sample calibration gap
and degrade the conservation guarantee—motivating online
surrogate updates as proposed in [11]; (v) only balanced
single-phase equivalent models of the IEEE 33-bus and 69-
bus feeders are considered; validation on unbalanced three-
phase networks with OLTC regulation—where coupled volt-
age violations across phases introduce additional nonlinear
interactions [24]—and on real DSO data would substantially
strengthen applicability claims; (vi) the non-monotone ϵ–
ρ behavior observed on the 69-bus feeder is an empirical
finding dependent on the residual distribution; a theoretical
characterization of the conditions under which the surrogate
becomes non-binding remains an open question.

VII. CONCLUSION

This study has compared a conservative topology-blind
injection bound with a data-driven voltage-aware dispatch
formulation under partial visibility. The contributions are: (1) a
portfolio-aware formulation of partial visibility; (2) a convex
reformulation as a quantile regression LP; (3) a systematic
comparison against OLS and Ridge baselines; (4) out-of-
sample validation using pinball loss and calibration rate; (5) an
empirical characterization of the ϵ–visibility–ρ trade-off.

On the IEEE 33-bus feeder, QR raises utilization from U ≈
0.46 to U ≈ 0.66–0.70 (+20–23 pp) while maintaining ϕ ≥
0.9 across all visibility levels. On the IEEE 69-bus feeder, the
gains are configuration-dependent, with full benefits observed
only when visible buses capture voltage-critical locations. The
analysis reveals that under partial visibility, the AC power-flow
bisection, rather than the surrogate, may become the binding
constraint, causing the method to degenerate to the baseline.

The comparison with OLS and Ridge, which achieve
πunder ≈ 40%, demonstrates that the conservative quantile
bias (πunder ≤ ϵ on the dispatch simulation) is essential for
safe dispatch. In particular, OLS at full visibility yields lower
utilization than the baseline, confirming that a linear surrogate
alone is insufficient without the quantile shift.
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