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Salvador Pineda Morente

oasys.uma.es - groupoasys@gmail.com

INFORMS Annual Meeting 2020

November 7th-13th, 2020
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Introduction

Motivation of the problem

Unit Commitment
min

Ξ
total cost

s.t. balance constraints
flow and power generations bounds
binary variables on-off status generators

One of the most important problems in Power Systems.

MILP problem. NP-hard. Intractable for large systems.

Line congestion identification is on trend.

Interpretability and relevance of nodes is desired.
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Introduction

Main Goal

Aim

Develop a Mathematical Optimization approach which
selects the most important nodes in the congestion line
identification problem by taking advantage of both the
physical and data information.
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Introduction

Line congestion identification→ Binary classification problem.

From input data (demand, di).

Find classification rule for congested (+1) and non
congested lines (−1).

Support Vector Machines (SVM)
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Support Vector Machines
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Support Vector Machines

What happens in the nonlinear case?
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Support Vector Machines

What happens in the nonlinear case?

φ
=⇒
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Support Vector Machines

Primal formulation


min
w, b, ξ

1
2‖w‖

2 + C
∑
i∈S

ξi [margin + penalization]

s.t. (w′

φ(

di

)

+ b)yi ≥ 1− ξi, i ∈ S [data - correct label]

ξi ≥ 0, i ∈ S

Dual Formulation
max
α

∑
i∈S

αi − 1
2

∑
i,`∈S

αiα`yiy`K(di, d`)

s.t.
∑
i∈S

αiyi = 0

αi ∈ [0, C], i ∈ S
γj ≥ 0, ∀j
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Support Vector Machines

Feature Selection
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Support Vector Machines

Feature Selection
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Problem Formulation

SVM Problem (Dual). Feature Selection.

Gaussian kernel

K(di, d`) = exp

(
−

M∑
j=1
γj(dij − d`j)2

)

γj : importance feature j

γj → 0: no role in the classification.

large γj : critical when classifying.

γj = 0,∀j ⇒ all points classified same class.

γj →∞: overfitting.

Trade-off

Model complexity.

Classification accuracy.
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Problem Formulation



min
γ≥0

C2‖γ‖pp + (1− C2) max
α

∑
i∈S

αi −
1

2

∑
i,`∈S

αiα`yiy`Kγ(di, d`)


s.t.

∑
i∈S

αiyi = 0

0 ≤ αi ≤ C, ∀i

Trade-off
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Problem Formulation

Benefits of the Proposed Approach

Our contributions

Method which simultaneously selects features and classify.

# selected features is not fixed, but provided by our
approach.

No ad-hoc strategies. Strong duality reformulation.
Off-the-shelf solvers. C and C2 tuned with cross-validation.

Asunción Jiménez-Cordero Interpretable Learning in Power Systems Operations



30/42

Problem Formulation

Further info

Under review (major changes)

Available at ResearchGate (https://www.researchgate.net/publication/
340826631_A_novel_embedded_min-max_approach_for_feature_selection_in_

nonlinear_Support_Vector_Machine_classification)

Asunción Jiménez-Cordero Interpretable Learning in Power Systems Operations

https://www.researchgate.net/publication/340826631_A_novel_embedded_min-max_approach_for_feature_selection_in_nonlinear_Support_Vector_Machine_classification
https://www.researchgate.net/publication/340826631_A_novel_embedded_min-max_approach_for_feature_selection_in_nonlinear_Support_Vector_Machine_classification
https://www.researchgate.net/publication/340826631_A_novel_embedded_min-max_approach_for_feature_selection_in_nonlinear_Support_Vector_Machine_classification


31/42

Problem Formulation

So far...

Develop a pure data-driven method.

How to incorporate physical information to our proposal?
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Problem Formulation

Physically-and-data-aware approach



min
γ≥0

C2‖γ‖pp + (1− C2) max
α

∑
i∈S

αi −
1

2

∑
i,`∈S

αiα`yiy`Kγ(di, d`)


s.t.

∑
i∈S

αiyi = 0

0 ≤ αi ≤ C, ∀i

Non convex optimization problem.

Just local optimal solution are guaranteed.

Initial solutions play a key role.

Our proposal: physically-and-data-aware initial solutions.
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Illustrative example

Illustrative example

n1 n2

n3

g1 g2

l1 (5000MW)

l2 (70MW) l3 (5000MW)

d1 d2
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Illustrative example

Line congestion l2
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non congested
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Illustrative example

γ = [0.1, 0.1]

0 100 200 300 400
d1

0

150

300

450

600
d 2

Pure data-aware initial solution.

No features selected.
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Illustrative example

γ = [0, 0.17] (ptdf)
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d1
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d 2

Pure physically-aware initial solution.

Dependent on slack node (n1).

Data are ignored. Possible errors selected features.
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Illustrative example

γ = [0.11, 0.26]

0 100 200 300 400
d1

0

150

300

450

600
d 2

Physically-and-data-aware initial solution.

Regression: demand - flow. Linear relationship ptdf.

Interpretability.
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Conclusions and Future Research

Conclusions and Future Research

Conclusions

Design a Mathematical Optimization approach which
leverages data and physical information to learn line
congestion in an UC problem.

A min-max optimization problem which simultaneously
classify data and select features.

Physical and data information is introduced via initial
solutions.

Illustrative example shows promising results.

Future Research

Bigger case study.

How affects relationship among features, e.g.
multicollinearity.
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