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In this problem, we want to determine the day-ahead optimal dispatch with 0.1
uncertain load control and renewable resources by co-optimizing reserves
and energy. We use chance-constrained optimization formulation to
consider various uncertainties from controllable loads and renewable
resources.

To model controllable loads, we use a thermal battery model developed
from previous work. A linear charging/discharging mechanism is used to
represent the energy change. The baseline power, and i)
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energy capacity are all related to ambient temperature. The aggregated _ _ o .
gy P y _ _ _ P _ ggregy Figure 3: Optimal Solutions in Congested Case: Generation Schedule,
power consumption (set point) are used as design variables. Controllable Load Set Points and Reserve Preparation.
onp } oap | Table 1: Computational Time. Table 2: Cost Distribution.
Robus Analytical Scenario  Analytical
obust : . :
Nonlinear  Cutting generation 121010 120850
uncongested  11.57 1279 5.94 uncongested ~ secondary 1321 1443
congested 12.32 42.34 15.21 redispatch 57696 10127
generation 123960 122460
congested secondary 2134 1529
- . Table 3: Reliability Check. redispatch 52487 42085
Time Time
uncongested/congested 1 —€=0.99 Robust Analytical
Figure 1: Baseline Power, Set Points and Power luation < . Joint 0.995/0.994  0.925/0.900
Capacity in Controllable Load cvaluation scenario Individual 0.998/0.997  0.975/0.967
Joint 0.985/0.978  0.941/0.921

_ correlated errors Mdividual  0.996/0.083 _ 0.988/0.073
- | Joint 0.997/0.991  0.897/0.881
Methodolo gles Weibull distributed errors - — g r—699970.097 —0.968/0.960
To reformulate the stochastic problem, we use 2 different methodologies. )
1. Probabilistically Robust Design C()ﬂClUSK)ﬂS
Solve a robust optimization problem over a hyper-rectangular set

constructed based on the confidence level

2. Analytical Reformulation

Reformulate constraints deterministically assuming specific uncertainty
distribution and correlation

Convex _approximations_ are_performed for nonlinear chance constraints Our results demonstrated that analytical approach provides less
and Cutting-Plane Algorithm Is used to solve the problem conservative results with better objective values and more effective

*\ﬁo,ated responses to peak load and congestion. Cutting-Plane algorithm could

o Insert Cutting lead to faster convergence. Robust method is resilient to congestion and
Run Optimization - [ Check the ] - Plane

In this research, we reformulated the chance-constrained problem
robustly and analytically. We compared the objective performance,
computational effort and reliability between 2 formulations and different
solving algorithms for both congested and uncongested case.
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