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Abstract—While distributed optimization ensures optimal co-
ordination across multiple operational domains in AC power
networks, it also introduces critical privacy vulnerabilities and
concerns through iterative information exchange. This paper
presents a comprehensive framework for distributed Optimal
Power Flow (OPF) that integrates Alternating Direction Method
of Multipliers (ADMM) with formal Differential Privacy (DP)
guarantees. Unlike previous approaches that offer theoretical
privacy assurances, the proposed work delivers immediately
implementable solutions with operational bounds. The proposed
method partitions power networks into operational zones and
injects calibrated Laplace noise, perturbing OPF sub-problem
solutions at each iteration. Numeric results for the IEEE 14-bus
and IEEE 118-bus systems demonstrate fundamental privacy-
utility trade-offs, providing system operators with concrete op-
timistic and pessimistic operational bounds, thereby enabling
robust privacy-aware decision-making.

Index Terms—ADMM, Differential Privacy, Distributed Opti-
mization, OPF, Privacy-Utility trade-off, Laplace Noise.

I. INTRODUCTION

OWER networks have transformed due to integration of
distributed energy resources, advanced metering infras-
tructure, and demand response programs [1], which have also
led to privacy vulnerabilities. Conventional centralized Opti-
mal Power Flow (OPF) requires full network data, exposing
sensitive load information, costs, and other parameters. Dis-
tributed optimization techniques, notably Alternating Direction
Method of Multipliers (ADMM), address this by decomposing
OPF into subproblems, allowing collaboration without direct
data sharing [2], [3]. However, recent studies in [2], [4]
reveal that adversaries can still infer private information from
ADMM coordination signals, underscoring the need for robust
privacy-preserving mechanisms in distributed OPF.
Differential Privacy (DP) has emerged as a rigorous frame-
work to safeguard sensitive data in power network operation
and optimization [2]. Privacy concerns in distribution-level
markets are mitigated via decentralized algorithms for dis-
tribution locational marginal pricing in [3]. Several studies
have advanced privacy-preserving distributed economic dis-
patch over time-varying directed networks [5] and proposed
differentially private projected subgradient OPF methods [4].
Consensus-based methods with optimality guarantees further
enhance privacy-preserving distributed optimization [6]. DP-
enabled dynamic pricing models for demand response mitigate
privacy risks in real-time pricing [7], while mechanisms for
pricing private data consider its value in state estimation [8].
Differentially private OPFs incorporating affine noise-based
optimization ensure feasibility via chance constraints [9], and
aggregated DCOPF data releases are analyzed for privacy-
topology interactions [10]. DP frameworks allow agents to
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tune privacy based on local sensitivities [11], complemented
by bus-level privacy-preserving dispatch [12]. Extensions to
microgrids leverage state decomposition and time-varying
communication strategies [13], [14], while event-triggered DP
mechanism further balances privacy protection [15].

Despite significant advancements, several critical gaps re-
main in the literature. First, while various approaches guaran-
tee theoretical DP, most offer limited practical implementation
guidance with concrete numeric bounds for system operators.
Second, there is insufficient analysis of how privacy noise
differentially affects system variables and how these impacts
translate to OPF decisions. Third, previous works largely focus
on either privacy mechanisms or optimization efficiency with-
out providing integrated frameworks that deliver immediately
implementable solutions. In this regard, this paper addresses
these gaps through the following contributions:

1) ADMM based distributed OPF with integrated e-DP
guarantee is proposed, which provides formal privacy
protection while maintaining operational feasibility.

2) Unlike previous approaches that offer theoretical distri-
butions, this paper provides implementable ACOPF so-
lutions with concrete optimistic and pessimistic bounds.

3) A new operational perspective comparing privacy and
utility-centric approaches is given, providing practical
parameters selection guidance.

Numeric results for IEEE 14-bus and IEEE 118-bus systems
demonstrate the method’s efficacy in balancing DP protection
with operational efficiency. The rest of the paper is as follows.
Section II discusses the centralized ACOPF formulation and
related DP framework. Section III discusses the proposed
method and associated implementation. Section IV analyses
the obtained numeric results. Section V discusses the imple-
mentation guidelines, while Section VI concludes the paper.

II. PROBLEM FORMULATION
Let the AC power network be an undirected graph (N, £),
where A" = {1,..., N} is set of buses and & C N x N is set
of transmission lines. Let G C N be the set of buses, where
a generator is connected. The centralized ACOPF model is

min Y Ci(Py;) = a;Py; +biPyi + c; (1a)
i€g
s.t. Pg,i — P, = Pd’i,Vi eN (1b)
Qgi — Qi = Qai,Vie N (I¢c)
O < 0 < O V(i,j) € E;0pey =0 (1d)
PP < Py S PR, Q0 < Qgi < QU Vie G (le)
‘/imln S ‘/7 S ‘/imax7vl' c N (1f)
P™ < Py < PR™V(i,j) € € (1g)

where a;, b;, and ¢; in (1a) are the cost coefficients of real
power generation at bus i. P, ; (Qg) is the unknown real



(reactive) power generation at bus i. Py ; (Qq,;) is known real
(reactive) power demand at bus i. P; and @); are the real and
reactive power injections at bus ¢ in (1b) and (1c¢), respectively,
defined as P; = Zje/\/ ViV;(G;jcosb;; + B;jsinb;;) and
Qi = ZjEN V;V}(G” sin 91']‘ - Bij COS Hij)y where 91 (‘/1) is
bus voltage phase angle (magnitude) of bus ¢ with respect
to angle reference bus (6,.; = 0), as in (1d). Also, 0;; =
0; — 0;,¥(i,j) € € in (1d). G;; (B;;) is the real (imaginary)
part of (i,)!" element of bus admittance matrix of given
AC power network. (1d) - (1f) are constraints on respective
variables with lower and upper bounds as ()™ and ()™&*,
(1g) is the constraint on real power flow (P;;) between bus ¢
and bus j, where Pij = V;-Qgij + V;V}(gw coS tgij + bij sin Hij),
and g;; (b;;) is the conductance (susceptance) of line between
bus ¢ and bus j with Pf;li“ usually equal to —FP;7** in (1g).
DP provides a rigorous mathematical framework for quan-
tifying and controlling privacy loss in data analysis [16].

Definition II.1 (e-DP). A randomized mechanism M : D —
R satisfies e-DP if for any two adjacent datasets D, D’ € D
differ in at most one element, and for any subset of outputs

S C R, PIM(D) € 8] < eP[M(D') € 8.

In the context of centralized ACOPF in (1), adjacent datasets
correspond to load profiles that differ in a single user’s
demand pattern. Privacy parameter e controls the trade-off
between privacy and utility [16]. Low e provides strong privacy
guarantees but may degrade ACOPF’s solution quality.

Definition II.2 (Sensitivity). Li-sensitivity of function f :
D — R is defined as Af = maxp p ||f(D) — f(D")||1,
where maximum is taken over all pairs of adjacent datasets.

For the Laplace mechanism, noise ¢ is calibrated according
to sensitivity Af and privacy budget b as £ ~ Laplace(0,b),
where b = Af /e, and € is defined in Definition II.1.

Theorem II.1 (Laplace Mechanism). For any function f :
D — RY, the mechanism M(D) = f(D) + ¢ satisfies e-DP,
where & ~ Laplace(0, Af/e).

Proof. Please refer page 32 of [16] for associated proof. [

III. PROPOSED METHODOLOGY

DP is relevant in the context of distributed ACOPF, unlike in
(1), wherein the proposed method is applicable. The proposed
method integrates DP in distributed ACOPF through a sys-
tematic approach that maintains both privacy guarantees and
operational feasibility. The integrated ADMM-DP framework
operates through

1) Distributed OPF: AC power network is divided into
K operational zones based on geographical boundaries
or organizational structures. Each zone solves its local
ACOPF via ADMM with limited information exchange.

2) DP integration: Calibrated Laplace noise is injected in
consensus signals to provide formal e-DP guarantees.

3) Statistical bounds: Monte Carlo sampling establishes
confidence bounds on power network’s variables.

To enable decentralized ACOPF computation and address

privacy concerns, ADMM is used, which combines dual
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decomposition aspect with convergence properties of method
of multipliers [17], [18]. The network is partitioned into K
disjoint zones, with each zone k € K = {1,..., K} containing
a subset of buses N and transmission lines &, C & such
that NV = Ule Ny, Nkl N Nk2 = 0,Vk1 # ko, and &
also includes the boundary lines directly connecting zone k to
other adjacent zones. The boundary buses of zone k£ along with
buses of adjacent zones (to which zone k is directly connected)
form the set M. At these buses, local copies of voltage phase
angles are maintained to enforce coupling or global consensus
between zone k and adjacent zones as

Gi,k = él,Vz e My, 2

where z;, = {éi,w € My} is the set of global consensus
variables for zone k. Consequently, the local ACOPF for zone
k in view of (1) is defined as

min Fj, = > CiPra) st Pk Gl EFe (3)
i€EGk
where @), = {Py;Vi € Gi,Qq:Vi € G, ViVi € Ny, 0;Vi €
(N —Mp)} and ¢ = {0,Vi € My }. Fy, in (3) is the feasible
space of local ACOPF of zone k, which is F, = {(1b)—(1g)}
with sets A/, G, and & replaced by Ny, Gy, and &, respectively.
Let g be defined as g, = {®y, (i }VEk € K.
In view of (3), the overall distributed ACOPF can be stated
as a global consensus optimization problem as
K
Qﬁg}c;Fk s.t. Cx = 2z, 06 € Fi,Vk € K (4)
The associated augmented Lagrangian of (4) is
K
L, =" [Fr+ M (G —zi) + 0.5plICk — ze[l3] (5
k=1
where )\ is vector of Lagrange multipliers as per (5) and p >
0 is ADMM penalty parameter. Each iteration (f) of ADMM
to solve (5) involves the following steps [2] Vk € K.

+2lce — 74 13] (6a)

W arg min [Fy + A (G — 24)
0k EFk

K
z argmmz (G —z) + fH(tH — z|2]
k=1
(6b)
)\tJrl — )\t +p( t+1 t+1) t = t+ 1 (6C)

ADMM in (6) iterates till primal and dual residual (Hg‘t“
zi |2, ||zLT — 24 ||2, Vk) are less than desired tolerance.

Whlle ADMM ensures decentralized ACOPF solution, the
iterative exchange of consensus variables zj, and dual variables
A, between zones may leak sensitive operational data. To
mitigate this, DP is integrated by perturbing z;Vk € K in
each ADMM iteration (as per Theorem II.1) before sharing
with adjacent zones as

7 =z + &, & ~ Laplace(0,Afy/ex), Yk € K (7)
where A fj, is sensitivity for z; mapping function fi : Dy —

zy, with Dy, = { Py, Qa. }ien;, being the local dataset and e,
being the privacy budget. A fi, as per Definition IL.2, is

Afe = max |zu(Di) ~ 2D Ve K ®)
Dy, D),



where the maximum is taken over all pairs of adjacent datasets
Dy, and Dy, that differ in at most one load element. Addition-
ally, A fi, can be bounded by power network characteristics as
Afr < kmax;epn, |APy ;| [19], where x depends on network
topology and impedances, and max |AP; ;| is the maximum
possible load variation at any bus in zone k. With the above
proposed integration of Laplace noise, formal e-DP guarantee
is ensured as discussed next (as per Definition II.1).

The probabilistic nature of above proposed DP requires
a statistical characterization of solution uncertainty to pro-
vide practical operational guidelines. To achieve this, Monte
Carlo based statistical bound computation is proposed, which
treats each execution of proposed DP-integrated ADMM based
distributed ACOPF for a single noise realization (uniform
for all real power load injections) as a single trial. In each
trial s, a perturbed but feasible ACOPF solution of (4), i.e.,
%(9) = {0, ¥k € K} with 3 being the m*" element of (*),
is obtained. The collection of %(*) over s = 1,..., N trials
of Monte Carlo forms a dataset that captures the statistical
distribution of all ACOPF variables under the influence of DP,
as per (7). Using these N samples, optimistic and pessimistic
bounds for each ACOPF variable are evaluated as

2% = qo.ors({Z 1), 28 = qo.02s({Z) ), Vm  (9)
CIl—OL(Zm) = [qa/Q({fgs)})aQ1—a/2({j7(':)})]7vm (10)

where ¢, is the p-th quantile of sample distribution, and « is
the significance level for confidence interval CI;_,,.

These bounds provide operational envelopes that enable
robust privacy-aware decision-making, allowing system opera-
tors to plan for worst and best case scenarios while maintaining
operational feasibility across all DP realizations. The proposed
DP and ADMM based distributed OPF framework and asso-
ciated statistical bound computation is given in Algorithm 1.

Algorithm 1: Proposed statistical bound computation

Input: AC power network parameters, C;Vi € G in
(3), privacy budget e, ADMM parameters
(penalty p, tolerance 7, maximum iteration
tmax), and Monte Carlo samples N

Output: Optimistic and pessimistic bounds (x°P, xP¢)

Statistical Analysis via Monte Carlo;

for each sample s =1 to N do

Initialization: Initialize 00,29, A, Vk € K, t < 0;

while ||z!T — 2|y > 7 and t <ty do

for each zone k € K in parallel do

Solve (6a) for (,Z'H and <I>Z+1;
Compute A fj, as per (8);
Evaluate perturbed consensus 22 from (7);
Update z{t", \i*!, and ¢ via (6b), (6¢)
using z};
end

end
Obtain x(*) as per Section III;

end
return the computed x°? and xP¢ as per (9)
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IV. NUMERIC RESULTS AND DISCUSSION

The proposed method is solved via fimincon solver for IEEE
14-bus and IEEE 118-bus in MATLAB 2024b on an Intel
Core 17-10700 32 GB RAM processor. Partitions in IEEE 14-
bus system are chosen as per [17], where bus 2 is chosen
as angle reference bus as it is a non-boundary bus located
in zone 1, which simplifies the reference angle coordination
across zones [17]. Numeric results for IEEE 118-bus system
are also obtained, where bus 69 is the angle reference bus. Two
perturbation magnitudes are applied, ¢ = 0.50 and € = 0.05,
as illustrated in Fig. 1(a) and Fig. 1(b), respectively.
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2§ 005 @ § 005
o T o T
S ® S ®
<= < =
P - e CEEEEE T EEE TP e oc 0
g g [—Optimistic g _g [—Optimistic
=% —Pessimistic | © —Pessimistic
S$E. ---Reference |S F 4 05 - - -Reference
a a
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Bus Index Bus Index
@) ()

Fig. 1. Comparison of bus voltage phase angle deviation for IEEE 118-bus
system

A uniform privacy budget of ¢ = 0.5 is chosen for all
real power loads in IEEE 14-bus system to demonstrate the
system-wide impact of consistent privacy protection on bus
voltage phase angles and associated magnitudes, as shown in
Table I, where the relevant pessimistic values are the differ-
ence of respective optimistic values and associated variations.
This analysis reveals significant but non-uniform phase angle
variations across all buses, with bus 14 having the maximum
variation of 0.1538 radians. The voltage magnitude at bus 4
has the maximum variation of 0.0142 in Table I. This non-
uniformity stems from differences in network position and lo-
cal sensitivity. Despite substantial angle perturbations, voltage
magnitudes remain remarkably stable; a critical observation
attributed to the selective DP integration strategy in Section
III. Further, the results for different privacy levels at bus 14
(maximum voltage phase angle variation) and bus 4 (maximum
voltage variation) are shown in Table II. The variations in
bus voltage phase angles and magnitudes consistently decrease
with increase in e. This demonstrates the fundamental privacy-
utility trade-off: low € (more privacy) introduces larger devi-
ations from non-private optimal solution. It can also be noted
that with change in ¢, the same respective buses tend to have
the respective maximum voltage phase angle and magnitude
variations, which is a critical observation demonstrating the
robustness of the proposed method. An examination of Fig.
1 for IEEE 118-bus system provides additional insight of the
impact of DP on solution accuracy. As expected, voltage phase
angle for reference bus remains zero for all tested privacy
budgets. For bus 80, which has relatively large phase angle
variations in Fig. 1(b), the deviation from non-private reference
is /= 0.12rad under the strict privacy setting of ¢ = 0.05. With
e relaxed to 0.5, this deviation is significantly reduced and
remains below 0.05rad. Similar is the case at other buses.

The active power variations reflect the fundamental privacy-
optimality trade-off, where privacy protection introduces dis-
patch uncertainty. The bus voltage phase angle perturbations



TABLE I
EFFECT OF PRIVACY BUDGET € = 0.5 ON BUS VOLTAGE PHASE ANGLES
AND ASSOCIATED MAGNITUDES IN IEEE 14-BUS SYSTEM (REF. -
REFERENCE: NON-PRIVATE ACOPF SOLUTION, OPT. - OPTIMISTIC, VAR.

- VARIATION)
Bus 0, (radians) Vi (pu)
Ref. Opt. Var. Ref. Opt. Var.
1 -0.0167  0.0436  0.1384  1.0600 1.0654 0.0124
2 0.0000 0.0000  0.0000 1.0408 1.0463 0.0112
3 -0.1900  -0.1287 0.1262  1.0156  1.0211  0.0115
4 -0.1679  -0.1060  0.0963  1.0145 1.0208 0.0142
5 -0.1464  -0.0820 0.1399 1.0164 1.0209 0.0100
6 -0.2382  -0.1932  0.1107 1.0600 1.0640 0.0125
7 -0.2120  -0.1566  0.0990 1.0463  1.0514  0.0097
8 -0.1985  -0.1387  0.1196  1.0600 1.0672  0.0128
9 -0.2436  -0.1831 0.1170  1.0437 1.0495 0.0109
10 -0.2477 -0.1871 0.1173 1.0391 1.0449 0.0116
11 -0.2452  -0.1826  0.1113  1.0460 1.0510 0.0121
12 -02529 -0.1933 0.1166 1.0448 1.0517 0.0129
13 -0.2538  -0.1910  0.1333  1.0399 1.0455 0.0126
14 -0.2658 -0.1980 0.1538 1.0239 1.0281  0.0089
TABLE 11

MAXIMUM VARIATIONS IN BUS VOLTAGE PHASE ANGLES (RADIANS) AND
ASSOCIATED MAGNITUDES (PU) IN IEEE 14-BUS SYSTEM WITH RESPECT
TO CHANGE IN €

Bus Privacy budget €
voltage 0.05 0.10 0.50 0.75 1.00
phase angle  0.8111  0.5195 0.1538 0.1170  0.1166
magnitude  0.1061  0.0675 0.0142 0.0129 0.0129

introduced for DP directly necessitate generation re-dispatch to
maintain net power balance, even though all generator buses
in IEEE 14-bus system are non-private. Table III shows the
results of active and reactive power variations for different
privacy levels in all real power loads, where it is evident
that the non-zero generation variations (despite bus being non-
private) are non-uniform. For active power dispatch (Table III),

TABLE III
VARIATIONS IN ACTIVE (P) AND REACTIVE (Q) POWERS FROM ADMM IN
IEEE 14-BUS SYSTEM FOR DIFFERENT PRIVACY BUDGETS € (REF. -
REFERENCE, OPT. - OPTIMISTIC, VAR. - VARIATION)

Active Power (P) & Reactive Power (Q)

Gen. € = 0.05 (pu) € = 0.50 (pu)
Ref. Opt. Var. Ref. Opt. Var.

P1 1.9433 19551 0.0297 19433 1.9572  0.0298
Q1  0.0000 0.0102 0.0202 0.0000 0.0166  0.0308
P2 0.3672  0.3804 0.0261 0.3672 0.3793  0.0272
Q2  0.2369 0.2478 0.0274 0.2369  0.2479  0.0261
P3 02874 03031 0.0357 02874 0.3021 0.0256
Q3 02413 02552 0.0275 0.2413 02536  0.0275
P4  0.0000 0.0119 0.0259 0.0000 0.0131  0.0286
Q4 0.1155 01283 0.0243 0.1155 0.1316  0.0274
P5 00849 0.0970 0.0258 0.0849 0.1036  0.0326
Q5  0.0827 0.0977 0.0291 0.0827  0.0955  0.0240

Generator 3 has the largest variation (0.0357 pu) at ¢ = 0.05,
while Generator 5 exhibits the highest variation (0.0326 pu)
at € = 0.50. For reactive power dispatch (Table III), Generator
5 has the maximum variation (0.0291 pu) at ¢ = 0.05,
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while Generator 1 shows the highest variation (0.0308 pu)
at ¢ = 0.50. Results reveal that generation variations are
non-uniform, demonstrating strong dependence on network
topology and generator location rather than privacy budget.

Overall, the results for IEEE 118-bus system are quanti-
tatively consistent with those for IEEE 14-bus system, with
average deviations for e = 0.05 for active and reactive power
bus injections, and bus voltage magnitudes being 1.13%, 2.6%,
and 2.34%, respectively, that reduce to 0.1867%, 1.22%, and
1.3%, respectively, at ¢ = 0.5 in IEEE 118-bus system. The
impact of DP on ADMM convergence is also evaluated for
both IEEE 14-bus and IEEE 118-bus systems. Stricter privacy
settings result in high convergence times, while increasing e
leads to faster convergence. Mean convergence times decrease
from 0.3236s to 0.2951s (63.79s to 27.92s) for IEEE 14-bus
(118-bus) system for ¢ = 0.05 increase to ¢ = 0.5, high-
lighting the inherent privacy-convergence trade-off. Privacy
perturbations affect local solution accuracy, with network-wide
impacts governed by power flow sensitivities and electrical
coupling. Strongly connected buses exhibit larger deviations,
while relaxing e reduces both local and propagated effects,
demonstrating predictable privacy-utility scaling.

The observed patterns highlight the operational uncertainty
introduced by privacy constraints. Optimistic scenarios rep-
resent favorable noise realizations that allow more efficient
operation, while pessimistic scenarios represent unfavorable
conditions requiring costly generation re-dispatch. This un-
derscores the importance of maintaining operational flexibility
when implementing privacy-preserving mechanisms.

e Privacy-utility trade-off: Both voltage phase angle and
magnitude variations decrease with increase in ¢, confirm-
ing the fundamental trade-off between privacy strength
and operational accuracy.

o Topological dependence: The impact of uniform DP is
amplified in certain network locations due to structural
sensitivity, demonstrating that network topology plays a
crucial role in the privacy-utility trade-off.

e Non-uniform variations: Generator dispatch variations
exhibit non-uniform patterns due to coupled effect of
noise injection on absolute voltage phase angles and
power flow dependence on relative angle differences.

e Operational uncertainty: DP introduces a range of possi-
ble operating conditions, necessitating generation flexibil-
ity to maintain system balance across all DP realizations.

e Method’s robustness: The observed patterns and trade-
offs are consistent with results on large networks.

V. ASSOCIATED IMPLEMENTATION GUIDELINES

Based on the comprehensive numerical analysis, we pro-
pose a few practical implementation guidelines for DP based
distributed ACOPF. Table IV presents the fundamental trade-
off between privacy protection and operational efficiency,
providing a framework for selecting appropriate operational
approaches based on specific application requirements.

The choice between these approaches should be guided by
the operational context and privacy requirements. Based on
the above numeric results, the following is recommended:



TABLE IV
PRIVACY VS OPTIMALITY-CENTRIC OPERATIONAL PERSPECTIVES

Privacy-centric Optimality-centric

Aspect approach approach

Objective Male.lzmg privacy Mml.mlzmg operational
protection efficiency

Privacy budget Low High

Risk High optimality Low optimality
tolerance loss acceptable loss required
Application Critical infrastructure, Economic dispatch,
context sensitive data market operations
Confidence Wide operational Narrow operational
bounds ranges ranges

Focus Robust privacy guarantees  System efficiency

e Privacy Budget Allocation: Assign heterogeneous e val-
ues based on bus sensitivity. Use € > 10 for generator
buses and ¢ < 1.0 for sensitive load buses, as demon-
strated by voltage phase angle variations in Table L.

e Operational Planning: Use optimistic and pessimistic
bounds (97.5% and 2.5% quantiles) for contingency
planning and reserve allocation, leveraging the generation
dispatch ranges observed in Table III.

e System Monitoring: Focus monitoring efforts on gen-
eration variables, which exhibit the largest variations
under privacy constraints, as evidenced by the active and
reactive power dispatch results.

o Parameter Tuning: Select ADMM penalty parameter p
through systematic tuning to balance convergence speed
and solution quality under privacy noise.

e Adaptive Privacy: Adjust e values based on real-time
system conditions and privacy requirements, using the
demonstrated trade-offs between privacy protection and
operational efficiency, as given in Table II.

These guidelines provide system operators a practical frame-
work for implementing privacy-preserving OPF while main-
taining grid reliability, using the optimistic-pessimistic bounds
for robust decision-making across different scenarios.

VI. CONCLUSION

This paper has presented a comprehensive framework for
privacy-preserving distributed OPF that integrates ADMM
with DP. The numeric results for IEEE 14-bus and IEEE 118-
bus systems demonstrate the practical efficacy of the proposed
approach, showing that while privacy preservation introduces
uncertainty in power dispatch decisions, voltage stability
is maintained and operational feasibility is preserved. The
optimistic and pessimistic bounds provide system operators
with concrete, implementable ranges for operational planning
under privacy constraints. The consistent patterns observed for
both test systems validate the scalability and generalization
of proposed method. The framework represents a significant
advancement in privacy-aware power network operations, pro-
viding both theoretical rigor and practical implementation
ability. By delivering concrete operational bounds rather than
theoretical distributions, this work bridges the gap between
academic research and practical system operation, enabling the
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secure and efficient coordination of modern power networks
in the era of distributed energy resources and digital transfor-
mation. Future research includes extending the framework to
stochastic optimization environments with renewable integra-
tion, developing adaptive privacy mechanisms that respond to
real-time system conditions, and investigating the integration
of the proposed approach with electricity market operations.
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