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Abstract—This paper investigates the strategic bidding 

behaviour of generation companies in electricity markets 

through a bilevel programming framework with a DC 

Optimal Power Flow (DC-OPF) market-clearing 

mechanism. The upper-level problem represents a 

strategic generator’s profit maximisation by selecting an 

optimal offer price, while the lower-level models the 

system operator’s cost-minimisation dispatch. The 

bilevel problem is reformulated as a Mathematical 

Program with Equilibrium Constraints (MPEC) via 

Karush–Kuhn–Tucker (KKT) conditions, yielding a 

tractable Mixed-Integer Program (MIP). All DC-OPF 

results—including Locational Marginal Prices (LMPs) 

and dispatch quantities—are analytically derived and 

numerically verified on a three-bus, three-generator test 

system. A key contribution is a systematic Monte Carlo 

sen sitivity analysis that quantifies how demand 

uncertainty at levels δ ∈ {0%, 5%, 10%, 15%, 20%} 

affects the bilevel-optimal bid price, resulting profit, and 

dispatch statistics. Results show that mean profit is non-

decreasing under symmetric demand noise due to 

asymmetric upside potential, while profit variance grows 

substantially: the 10th-percentile profit falls from $26.59 

to $21.90 per period as δ increases from 0% to 20%. 

These findings provide a quantitative risk-return 

characterisation for strategic generators operating 

under demand uncertainty.  

 

Index Terms—Bilevel optimisation, strategic bidding, 

electric ity markets, DC optimal power flow, locational 

marginal prices, KKT conditions, MPEC, demand 

uncertainty, Monte Carlo analysis.  

 

I. INTRODUCTION 

THE liberalisation of electricity markets has transformed the 

power industry from a regulated monopoly into a 

competitive framework where generation companies 

(GenCos) strategically offer their capacity to maximise 

profits [1]. Unlike purely competitive equilibria, electricity 

markets are suscepti ble to market power, particularly in 

meshed networks where transmission congestion creates 

locational price differentials. A strategic generator can 

exploit this structure by submitting offer prices above true 

marginal cost, elevating the system marginal price and 

increasing revenue per unit of dispatch [2].  

The canonical framework for modelling such behaviour is 

bilevel optimisation [3]. The upper-level represents the 

GenCo’s profit-maximisation problem, while the lower-

level captures the system operator’s cost-minimising 

security constrained dispatch. Because the lower-level is a 

linear program (LP) under the DC power flow 

approximation, its optimality is fully characterised by the 

Karush–Kuhn–Tucker (KKT) conditions, converting the 

bilevel problem into a Math ematical Program with 

Equilibrium Constraints (MPEC) [4]. Linearising the 

complementarity constraints via binary vari ables produces a 

Mixed-Integer Linear Program (MILP) solv able to global 

optimality [5].  

Research gap: Existing studies typically adopt 

deterministic demand points [6] or discrete scenario trees 

[7], without sys tematically characterising how continuous 

demand uncertainty propagates through the bilevel solution. 

Demand fluctuations alter the load factor, shift the merit 

order, change binding transmission constraints, and 

ultimately affect both the profit maximising bid and the 

realised profit.  

 

Contributions.  

1) A complete, self-contained bilevel DC-OPF 

formulation with step-by-step analytical verification on 

a three-bus test system.  

2) A KKT/MPEC reformulation establishing the equiva 

lence between the bilevel problem and the resulting 

MILP benchmark.  

3) A Monte Carlo sensitivity study over five demand noise 

levels quantifying the joint evolution of optimal bid 

price, mean profit, profit volatility, and dispatch 

probability—a direct risk-return characterisation not pre 

viously reported for this model class.  
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The paper proceeds as follows. Section II formulates the 

bilevel problem and MPEC. Section III describes the test 

sys tem. Section IV presents the deterministic base-case. 

Section V reports the demand uncertainty analysis. Section 

VI concludes.  

 

II. BILEVEL PROBLEM FORMULATION 

A. Bilevel Structure  

Let G = {1, 2, 3} denote the generator set and N = {1, 2, 3} 

the bus set. Generator 1 is the strategic agent (leader); 

Generators 2 and 3 are price-takers (followers). Upper level 

(leader): Generator 1 selects offer price β1 ≤ β¯1 to maximise 

profit Π1 = (λ1 − c1) p1, anticipating the market operator’s 

response.  

Lower level (follower): Given all offers {βi}, the operator 

solves the DC-OPF to minimise dispatch cost, producing 

dispatch {pi} and LMPs {λn}.  

 

B. Upper-Level Problem  

The strategic generator solves:  

 
 

where λ1(·) and p1(·) are implicitly determined by the lower 

level DC-OPF, and c1 is the true marginal cost.  

 

C. Lower-Level DC-OPF  

Given β, the market operator solves:  

 
subject to: 

 
 

 

 
 

 
 

III. TEST SYSTEM 

 
 

TABLE I: Generator Parameters 
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TABLE II: Transmission Line Parameters 

 
 

IV.  DETERMINISTIC BASE-CASE RESULTS 

 

 
 

 
Fig. 1: Generator-1 profit Π1 and dispatch p1 as functions 

of offer price β1 (deterministic base case). The bilevel 

optimum is at $19.00/MWh with profit $26.59/period. 

 

 
 

Table 3: Baseline Nodal Demand (MW) 

 

 

 
 

Remark 1. The binding line 1–2 congestion prevents G1 

from capturing the full 15 MW residual demand, ensuring 

the bilevel optimum at $19.00/MWh is strictly below the 

offer cap. 

 

V. DEMAND UNCERTAINTY SENSITIVITY 

A. Noise Model  

We model demand uncertainty as independent uniform 

perturbations:  

Dξ
n = Dn (1 + ξn), ξn ∼ U(−δ, δ), n ∈ N (20) 

For each realisation ξ, the full bilevel problem is re-solved: 

the operator re-clears the DC-OPF and the strategic 

generator selects its profit-maximising bid.  
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Remark 2. This formulation captures the ex-post profit 

maximising offer for each demand realisation, providing an 

informational upper bound on attainable profit and a precise 

characterisation of profit sensitivity to demand variability.  

 

B. Monte Carlo Design  

For each noise level δ ∈ {0%, 5%, 10%, 15%, 20%}, we 

draw N = 600 independent realisations. For each sample k:  

 

 
Summary statistics (mean, standard deviation, P10, P90) are 

computed across all 600 realisations. 

 
Fig. 2: Profit distribution box-plots. 

 

C. Results  

Table 5 presents the full results. Fig. 2 displays the profit 

distribution box-plots and Fig. 3 shows bid-price 

distributions. 

 

 
Fig. 3: Histogram of bilevel-optimal offer prices across 600 

realisations per noise level. At δ ≤ 5% all realisations 

concentrate at $19.00/MWh. For δ ≥ 10% the distribution 

spreads rightward toward the $20.00/MWh cap under high-

demand realisations. 

 

D. Discussion  

1. Dispatch probability is 100% for all noise levels. Even at 

δ = 20%, minimum total demand is 40×0.80 = 32 MW > P¯3 

= 25 MW, so G1 is always required.  

2. Mean optimal bid increases with noise. From $19.00 at δ 

= 0% to $19.30 at δ = 20% (Std $0.46/MWh). High-demand 

realisations raise the marginal value of G1’s capacity, 

supporting higher offer prices. The growing standard 

deviation reflects increasing demand heterogeneity across 

realisations.  

3. Mean profit is non-decreasing. Mean profit rises from 

$26.59 to $27.47 (+$0.88/period) as δ increases to 20%. 

This follows from the convexity of the optimal profit in 

demand: upside realisations generate disproportionately 

larger profit gains than the losses incurred at downside 

realisations—a Jensen’s inequality-type effect.  

 

4. Profit variance grows substantially. Standard deviation 

rises from $0 to $4.49/period. The profit spread ∆Π = P90 

− P10 grows from $0 to $11.27/period. The 10th-percentile 

profit falls from $26.59 to $21.90 (–$4.69), quantifying 

downside exposure not visible in the deterministic solution. 

Simultane ously, P90 rises to $33.17, demonstrating the 

upside.  

 

 
Figure 4: Mean profit and mean optimal bid. 

 

5. Mean dispatch decreases slightly. Despite higher mean 

bids, p¯1 declines from 8.864 to 8.379 MW. Demand 

variability shifts the binding line 1–2 constraint differently 

across real isations, redistributing the residual load between 

G1 and G2 in ways that reduce G1’s average share.  

 

E. Risk-Return Characterisation 

The results establish a clear risk-return tradeoff. A 

riskneutral GenCo gains $0.88/period in expectation at δ = 

20%. Under a mean-variance objective with risk-aversion 

coefficient ρ: 
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VI. CONCLUSION 

This paper presented a complete bilevel DC-OPF 

formulation for strategic electricity market bidding, 

reformulated 

 

 
Figure 5: Dispatch probability and mean dispatch. 

 

Table 5: Monte Carlo Sensitivity: Bilevel-Optimal Bid and 

Profit 

Under Demand Noise (N = 600 Realisations per Level) 

 
 

as a MILP via KKT/MPEC conditions, with all results 

analytically derived and numerically verified on a three-bus 

test system. The principal new contribution—a Monte Carlo 

demand uncertainty analysis across five noise levels—

reveals  three findings: 

1) Dispatch robustness: Dispatch probability is 100% for all 

tested noise levels, since minimum demand always exceeds 

the cheapest generator’s capacity.  

2) Non-decreasing mean profit: Symmetric demand noise 

increases mean profit from $26.59 to $27.47/period (δ: 0% 

to 20%) due to the convexity of optimal profit in demand.  

3) Growing profit variance: Standard deviation rises from 

$0 to $4.49/period; the 10th-percentile profit falls by $4.69, 

quantifying downside risk invisible to the deter ministic 

bilevel solution.  

 

Deterministic bilevel solutions can therefore underestimate 

both attainable mean profit and the associated risk exposure 

of strategic generators. Future work will extend this analy 

sis to stochastic bilevel formulations that internalise demand 

uncertainty at the upper level, enabling risk-aware offer 

strate gies directly comparable with robust and chance-

constrained variants.  

 

APPENDIX  
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