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Abstract—Circuit breaker placement optimization is critical
for distribution network reliability but faces computational
challenges: traditional methods suffer from intractability or sub-
optimality, while two-stage stochastic optimization remains pro-
hibitive due to expensive reliability assessments. Neural network-
based optimization enables rapid evaluation through mixed-
integer linear programming (MILP), but embedding binary
neural networks (BNNs) introduces exponential growth of binary
variables. This paper proposes a two-stage NN framework where
Stage 1 performs sensitivity analysis to reduce the decision space,
and Stage 2 constructs a compact BNN-MILP with augmented
Lagrangian constraints ensuring conservative predictions for
critical nodes. Case studies demonstrate 64.5% reduction in
binary variables and 7.3x speedup.

Index Terms—circuit breaker placement, binary neural net-
work, MILP, sensitivity analysis, distribution reliability

I. INTRODUCTION

Distribution network reliability is a critical performance
metric affecting customer satisfaction and utility revenue. Cir-
cuit breakers enable rapid fault isolation and service restora-
tion, significantly improving reliability indices. However, high
installation costs necessitate systematic optimization to bal-
ance reliability and economic investment [1], [2].

The circuit breaker placement problem is inherently combi-
natorial. For a network with NV candidate lines and allowing
at most B circuit breakers, there exist Zil (];[ ) feasible
configurations, each requiring comprehensive reliability as-
sessment. Traditional methods face fundamental limitations: 1)
Exhaustive enumeration becomes intractable when the search
space exceeds thousands of configurations [3]; 2) Metaheuris-
tic algorithms may converge to local optima [4].

Two-stage stochastic optimization frameworks have been
proposed to handle uncertainty in fault scenarios [5], [6], de-
composing the problem into investment decisions (outer stage)
and reliability assessment (inner stage). However, exhaustive
evaluation of all feasible configurations requires extensive
Monte Carlo simulations (5,000-10,000 samples per config-
uration), taking hours to days for practical networks [7].

Neural network-based optimization offers a promising al-
ternative by learning the implicit configuration-to-reliability
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mapping from pre-simulated data. Training on offline samples
reduces evaluation time from hours to milliseconds, enabling
rapid exploration of the configuration space [8], [9]. BNNs
are particularly attractive as they can be exactly reformulated
as mixed-integer linear programming (MILP) constraints [10],
[11], enabling inverse optimization: given target reliability
requirements, the optimal configuration is obtained by solving
the embedded BNN-MILP model.

However, this introduces a new computational bottleneck.
Each neuron requires binary variables for activation states. A
typical BNN with 3 hidden layers and 128 neurons per layer
generates 384 binary variables and over 50,000 constraints,
requiring hours to solve [12]. This creates a fundamental
dilemma: larger BNN models improve accuracy but exponen-
tially increase optimization difficulty.

To address these challenges, this paper proposes a two-
stage stacked neural network framework. Stage 1 employs
gradient-based sensitivity analysis to reduce the decision space
by 71-94%. Stage 2 constructs a compact BNN-MILP with
augmented Lagrangian constraints ensuring conservative reli-
ability predictions for critical nodes.

The main contributions are:

o A hierarchical framework achieving significant reduction
in binary variables through sensitivity-driven search space
pruning while preserving solution optimality.

o Augmented Lagrangian constraints guaranteeing conser-
vative predictions that ensure feasible solutions meet
reliability requirements as the sufficient condition.

II. PROBLEM FRAMEWORK

This section formulates the circuit breaker placement prob-
lem as a constrained optimization problem. Section II-A
defines the decision variables, objectives, constraints, and
the reliability assessment model. Section II-B discusses the
computational challenges.

A. Problem Formulation and Reliability Assessment

Consider a radial distribution network with m critical nodes
and N candidate lines £ = {1,2,..., N} for circuit breaker
installation. The binary decision variable x; € {0, 1} indicates
whether a circuit breaker is installed on line i.
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Fig. 1. Overview diagram

The typical problems is budget-constrained reliability max-
imization. Given a fixed budget, minimize system-level Ex-
pected Energy Not Supplied (EENS) while ensuring critical
nodes meet Customer Interruption Frequency (CIF) require-
ments [13],

min EENS(x)

s.t. Z z;, < B

i=1

CIF;(x) < CIF;™,

y(x) = RA(x)

x; € {O, 1}, Vie L
where B is total budget constraint; Ny € N is set of
critical nodes (hospitals, data centers, industrial facilities).
y(x) = [EENS(x), CIF; (x), ..., CIF,,(x)]? denotes the vector
of reliability indices evaluated through the three-stage fault
recovery process RA(-) that models fault isolation, microgrid
reconfiguration, and permanent repair operations [15]. The cir-
cuit breaker configuration x determines fault isolation bound-
aries, which subsequently affects load restoration capabilities
across recovery stages.

(1)
v.] S J\/::rit

B. Computational Challenge

The formulations (1) present significant computational chal-

lenges:

o Combinatorial explosion: For N candidate lines with
budget constraint allowing at most B circuit breakers,
there exist Zil (]:] ) possible configurations. For exam-
ple, with n = 30 and B = 8§, this yields approximately
5.7 x 10® configurations.

o Expensive evaluation: Each reliability assessment re-
quires solving |F| x 3 mixed-integer linear programs (one
for each stage of each N — 1 fault scenario).

III. TWO-STAGE STACKED NEURAL NETWORK
FRAMEWORK

This section presents the proposed two-stage stacked neural
network framework. The framework addresses the computa-
tional challenges through hierarchical decomposition: Stage 1
trains a neural network and performs sensitivity analysis to
reduce the decision space, and Stage 2 constructs a compact
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BNN-MILP model for exact optimization with conservative
constraints, as Fig. 1.

A. Stage I Neural Network Training

The Stage 1 neural network serves as a surrogate model to
rapidly evaluate reliability indices for arbitrary circuit breaker
configurations. This enables data-driven sensitivity analysis
(Section III-B) to identify critical lines where circuit breakers
have the most significant reliability impact.

1) Network Architecture: The Stage 1 model can em-
ploy any feedforward neural network architecture capable of
accurately approximating the reliability evaluation function.
Without loss of generality, we adopt a multi-task architecture
with shared encoder and task-specific heads to capture both
system-level and node-level reliability metrics. With m critical
nodes, the network maps circuit breaker configurations to
reliability indices:

f0 X € {07 1}N — {YSy37Ynode,1a cee 7Ynode,m} (2)

where x € {0,1}% is the circuit breaker configuration vector
for N candidate lines; yss = [SAIFI, SAIDI, EENS]” €
R?3 represents system-level reliability indices; Ynode,k
[CIF},, CID;,, EENS,]T" € R3 represents node-level indices for
critical node £ = 1,...,m; 0 denotes the trainable network
parameters.

The network structure consists of:

h = genc(x; eenc)

Ysys = gsys(h§ Bsys) k=1,...,m 3)

Ynode,k = gnode,k(h§ Bnode,k)
where genc(-) is a shared encoder extracting common features,
and geys(+), gnode, k() are task-specific heads predicting reliabil-
ity indices for the system and each critical node, respectively.

2) Training Procedure: The Stage 1 model is trained us-

ing uncertainty-weighted multi-task learning [12] to balance
system-level EENS and node-level CIF predictions:

m—+1 1
Con = 3 |gglvs 5l gloset] @
where o7 are learnable task uncertainties. The weighting

scheme automatically down-weights tasks with higher intrinsic



noise while preventing trivial solutions via the log-barrier
regularization term.

The model is trained on a dataset D = {(xU), yU )}N
generated offline via Monte Carlo simulation with the three-
stage fault recovery model [15].

B. Sensitivity Analysis and Search Space Reduction

The trained Stage 1 neural network enables efficient sensi-
tivity analysis to identify critical lines where circuit breakers
have the most significant reliability impact. This reduces the
decision space for Stage 2 BNN-MILP optimization.

1) Gradient-Based Sensitivity Metric: For each candidate
line ¢, we compute a sensitivity score that quantifies its
marginal contribution to reliability improvement. The sensitiv-
ity is defined as the expected magnitude of reliability change
when installing a circuit breaker on line i:

] &)
2

where y = [y Yigenr - Yooden) | € R3(m+1) s the
concatenated output vector of all reliability indices, and D
is the training dataset. High S; indicates strong influence on
reliability, while low S; suggests marginal impact.

S - EXND

|o=

2) Finite Difference Approximation: For BNNs with non-
differentiable activations, we approximate gradients using fi-
nite differences. The sensitivity score is computed by averag-
ing over the training dataset:

Si= N:SHh v

where {x(f )};V:sl are sampled configurations from the training
set, and N is the sample size.

2
LU ] O

3) Critical Line Selection: Lines are ranked by sensitivity
score S; in descending order, and the top m lines are se-
lected as L for Stage 2 optimization. Reducing decision
variables from N to n decreases MILP complexity by a
factor of 2V~". Retaining lines with cumulative sensitivity
Dier, Si>T >, Si preserves at least 7 fraction (typically
7 = 0.85-0.90) of total sensitivity.

The reduced candidate set L serves as the input to Stage
2, where a compact BNN with conservative constraints is
trained and embedded into MILP for exact optimization.

C. Stage 2: BNN Construction with Conservative Constraints

The Stage 2 model operates on the reduced candidate set
L identified by Stage 1 sensitivity analysis. To enable exact
MILP-based optimization, we employ a Binary Neural Net-
work (BNN) architecture that can be reformulated as mixed-
integer linear constraints.

1) Binary Neural Network Architecture: BNNs replace
standard activation functions with sign activations sign(-) €
{=1,+1} and binarize weights during forward propagation,
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enabling exact MILP reformulation without approximation
errors. The Stage 2 BNN consists of:

z(l) = BN(WE()iln)Xreduced + b(l))
h® =sign(z®), i=1,...,L
Z(i+1) — BN(WtEfjl)h(i) + b(z‘ﬂ))7
V= WEADKHW) 4 pL+1)

i=1,...,L—1

)
where Xequced € {0,1}" is the reduced configuration vec-
tor; Wéz = a@ . sign(W@) are binarized weights with
scaling factors a¥ = mean([W)|); BN(-) denotes batch
normalization; h(® ¢ {—1,4+1}% are binary activations;
L is the number of hidden layers; d; denotes the number
of neurons in the i-th hidden layer; y € R™*! predicts
[EENS, CIF,, ..., CIF,,,]T for critical nodes; b is the vector
of bias parameters.

This design focuses on system-level EENS (economic ob-
jective) and node-level CIF for the critical node (service
quality metric), preserving all decision-relevant metrics while
using compact network architecture.

2) Conservative Constraint via Augmented Lagrangian: To
ensure reliability requirements are satisfied under model uncer-
tainty, we enforce conservative prediction constraints during
BNN training. The objective is to produce slightly pessimistic
predictions (i.e., §; > ;) that avoid under-estimating system
risk, thereby preventing violations of critical node reliability
thresholds in the subsequent MILP optimization.

For critical node outputs j € Ny (e.g., CIF for hospi-
tals/data centers), we impose a soft lower bound on predictions
to penalize under-estimation:

j(x) 2 y;(x) + €, VX €D, j € Nexi (®)

where y;(x) is the true reliability index, ¢;(x) is the BNN
prediction, and € is a small tolerance margin (typically €, =
0.02-std(y;)) to accommodate minor prediction errors without
over-conservatism.

The constraint violation v;(x) quantifies the extent to which
predictions under-estimate true values beyond tolerance ey.
The total training loss combines prediction accuracy with
augmented Lagrangian penalties:

ZZ[A -v;(x

JENi x€D

Liow = Lmse (YY) )+ Uy( x)?| (9)

where A; > 0 is the Lagrange multiplier for output j, dynami-
cally adjusted during training; p > 0O is the penalty parameter,
controlling the quadratic penalty strength; The linear term A ;v
enforces constraint satisfaction in expectation; The quadratic
term £ prov1des robustness against large violations.

The Lagrange multipliers are updated every Typgae €pochs,
using the gradient ascent rule:

)‘j < Cllp (/\j + p- ’L_)j, O, Amax) (10)

where 7; = ﬁ > xep Vj(xX) is the average violation over the
training set, and Ayax prevents unbounded growth.
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Fig. 2. A real hybrid AC/DC distribution network in a southern Chinese city

The penalty parameter p is adaptively increased when
violations persist:

pmin(p- 7, pmax) if Tj > ol (11)

where + is growth factor; & is violation tolerance threshold.
This adaptive scheme balances constraint satisfaction with
training stability.

D. BNN-to-MILP Encoding for Exact Optimization

After training and pruning the BNN surrogate, we embed
it into a MILP formulation to enable exact optimization of
circuit breaker placement. This section describes the encod-
ing of binary activations, Big-M linearization, and the final
optimization problem.

1) Offline BatchNorm Fusion: To reduce MILP complexity,
we fuse BatchNorm layers into the preceding linear transfor-
mations offline. For each BNN layer with weight W (%), bias
b, and BatchNorm parameters (v, 30 u() 520))  the
fused parameters W@ and b® are computed by absorbing the
affine transformation into the linear layer [14]. This eliminates
BatchNorm from the MILP, reducing the number of auxiliary
variables.

2) Big-M Linearization of Sign Activation: Each BNN layer
computes h() = sign(z(") where z() = W®Hh(-1) 4 b0,
We encode this using binary indicator variables 5;1) € {0,1}
and continuous activation variables hy) € {—1,+1} via Big-
M constraints:

)
g2 M 6) (12)
0 < 50
Y =28 —1

where M; @) s the tightest bound on |z , computed as
M(Z Zk \ij)| + \bg | based on the fact that ~\' ") €
{- S| , 1} Usmg neuron-specific bounds instead of a global
constant improves MILP solver efficiency.

3) Complete MILP Formulation: The circuit breaker place-
ment problem is formulated as:

min EENS(x)

n
o<
i=1
CIF; (x) < CIF?™,
9(x) = BNN(x)
x € {0,1}"

(13)
vj € -/\[crit
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where BNN(x) represents the embedded neural network.
Compared to formulation (1) where reliability indices y(x)
are evaluated through RA(-), the BNN-embedded formulation
(13) uses BNN(+), enabling rapid evaluation through mixed-
integer linear constraints.

IV. CASE STUDY
A. Test System

The proposed two-stage NN framework is validated using
a real hybrid AC/DC distribution network from a southern
Chinese city, as illustrated in Fig. 2.

23 candidate lines (excluding substation feeders, VSC con-
nections and backup lines) are evaluated. Node 27 (hospital)
should follow CIF5™* = 2.5 interruptions/year and node 9
(data center) should follow CIFg'®* = 2.0 interruptions/year.

The Stage 1 neural network is trained on a dataset of more
than 8,000 samples generated through Monte Carlo simulation
with random circuit breaker configurations (1-5 breakers per
configuration).

B. Sensitivity Analysis Validation

The Stage 1 of the proposed framework employs NN-
based sensitivity analysis to identify critical lines. Note that
Lines 1 and 12, serving as substation feeders with inherent
circuit breaker protection, are excluded from the candidate
set. This leaves 23 distribution lines (Lines 2-11, 13-25) for
optimization.

TABLE I
SEARCH SPACE REDUCTION VIA TIER 4 ELIMINATION
Budget Full Space Reduced Space  Reduction
(B breakers) (n = 23) (n =15) (%)
3 2,024 576 71.5
5 67,298 3,808 94.3
7 1,144,066 13,328 98.8

Fig. 3 illustrates the reliability improvement potential of
all 23 candidate lines. The sensitivity analysis reveals a clear
hierarchical structure: Tier 1 (Lines 13-16) exhibits the highest
scores, corresponding to main feeder segments; Tier 2 (Lines
2-5, 7, 8, 11) represents primary distribution paths; Tier 3
(Lines 3, 6, 9, 17, 18, 21) serves intermediate positions with
limited upstream protection; Tier 4 (Lines 10, 19-22, 24-25)
comprises terminal branches with scores below 0.20.

A critical observation is that high sensitivity scores do
not guarantee priority in optimal configurations. Lines in
Tiers 1-2, while exhibiting strong individual performance, are
predominantly on main feeders where upstream protection
already mitigates fault impacts. Conversely, low-scoring lines



TABLE 11
PERFORMANCE COMPARISON UNDER BUDGET CONSTRAINTS

Budget Method Optimal System Node 9 Node 27  Solution  Speedup
(B) Config. EENS (MWh) CIF CIF Time (s) Factor
3 Benchmark {2, 4, 14} 40.752 0.600 0.900 2,135 -

Proposed {2, 4, 14} 41.308 0.971 1.014 68 31.4x
4 Benchmark {2, 4, 11, 14} 39.247 0.500 0.900 6,846 -

Proposed {2, 4, 11, 14} 39.291 0.941 1.010 370 18.4x
5 Benchmark {2, 4,9, 11, 14} 31.580 0.500 0.900 24,444 -

Proposed {2,4,9, 11, 14} 31.767 0.862 0.958 3,349 7.3%

(e.g., Line 18) may appear in optimal solutions due to comple-
mentary fault isolation when combined with high-sensitivity
lines. Tier 4 lines consistently rank at the bottom with minimal
impact on optimal solutions. Removing these § lines reduces
the search space to 15 lines while preserving solution quality.
Table I quantifies the combinatorial complexity reduction. The
pruning strategy achieves 71.5-98.8% search space reduction
across different budgets while preserving solution optimality,
enabling efficient BNN-MILP optimization.

C. Method Effectiveness Comparison

This section validates the proposed two-stage framework by
comparing it against the benchmark method. The benchmark
employs a Two-Stage Stochastic Optimization framework
where the inner-stage reliability assessment is performed via
rigorous Monte Carlo Simulation (MCS).

Table II presents the optimal circuit breaker configura-
tions and resulting reliability metrics for budget limits B €
{3,4,5}. The benchmark method employs a two-stage op-
timization approach. This provides a reference for solution
quality at the cost of prohibitive computational expense. The
proposed framework identifies identical optimal configurations
as the benchmark across all scenarios, validating the two-stage
approach’s effectiveness. The proposed method exhibits minor
conservative bias (EENS error 0.59%, Node 27 CIF error 6.4%
for B = 5). This conservative bias serves a critical engineering
purpose: it ensures that planned configurations meet reliabil-
ity requirements with safety margins. Specifically, the over-
estimation mechanism guarantees that: 1) If the BNN-MILP
finds a feasible solution under budget B, the actual system re-
liability will exceed predicted values, providing a safety buffer
against model uncertainty. 2) If the optimization becomes
infeasible (no solution satisfies CIF constraints), it certifies
that budget B is insufficient, and additional breakers (B + 1,
B + 2, ...) are required. The proposed framework achieves
7.3-31.4x speedup compared to the benchmark method across
different budgets. This acceleration stems from two factors: 1)
71.5-94.3% search space reduction via sensitivity analysis, and
2) BNN-MILP’s ability to evaluate reliability constraints via
embedded neural network inference rather than iterative power
flow simulations.

V. CONCLUSION

This paper presents a two-stage stacked neural network
framework for circuit breaker placement optimization, achiev-
ing 7.3-31.4x speedup via sensitivity-based search space re-
duction (71.5-94.3%) and compact BNN-MILP with conserva-
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tive constraints. Case studies show < 0.6% EENS error while
guaranteeing critical node requirements, eliminating under-
protection risks for critical infrastructure.
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