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Distribution Grid

" Final Tier in electricity transfer

3 More active devices, more opportunities for control/services

 

Bi-directional energy flow
DOE Office of Electricity Report  <Distribution 
System Evolution=, April 2024



Distribution Grid Evolution

" New operating paradigms:

3 Virtual power Plants

3 Operating Envelopes

3 New markets, 

BUT

" Needs:

3 Metering for estimation

3 Co-ordination 
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Distribution Grid Evolution

" New operating paradigms:

3 Virtual power Plants

3 Operating Envelopes

3 New markets, 

BUT

" Needs:

3 Metering for estimation

3 Coordination 



Distribution Grid Sensing

" Smart meters, PMUs, micro-PMUs, IoT, AMI

" Big Data: High fidelity measurements 

" Sparse: Not everywhere in low voltage grids

Use cases with limited edge devices:

7 Topology learning/ Phase identification

7 Control/aggregation/VPP needs impedances

Standard Feedback loop

Take control action

(change in injection)

Observe states 

(voltage/ injection)

Incur cost

(injection+state)

Update Control

(Needs topology/parameters)



" Data: Time-series Nodal voltages (V) and injections (P,Q) at leaves

" Unobserved: all intermediate nodes & lines

" Estimate: Operational Topology + Line Impedance 

       

Problem: Learning with end-users

Theoretical guarantees via 

statistical Machine Learning
" what length of observations? 

" how much observability?

" how much noise?



Grid Model: 

b

a

c

d
Slack Bus

"  

wt. Laplacian matrix

" Distribution grid features

1. Structure of the grid: Radial

2. Flow Physics (Static regime)

" First order expansion: LinDist Flow



" Time-stamped voltage magnitudes (V)

" Time-stamped nodal active & reactive injections (P &Q)

       

                

End-user data 

" Cross-covariances: 



Learning with end-users

" Data: Time-series Nodal voltages and injection samples at leaves

" Algorithm:

§ Compute effective impedances between leaf pairs 

§ Recursive Grouping Algo (Wilsky) to learn topology & distances (d) 

from known effective impedances

a

b

w Key: Effective resistances are additive on trees



       

Recursive Grouping Algo 

1. Learn siblings

1. ÿ, ÿ are leaf nodes with common parent iffý ÿ, ý 2 ý ÿ, ý = ý ÿ, ý2 2 ý(ÿ, ý2) for all ý, ý2 b ÿ, ÿ
2. ÿ is a leaf node and ÿ is its parent iff

    ý ÿ, ý 2 ý(ÿ, ý) = ý ÿ, ÿ  for all ý b ÿ, ÿ
 



       

Recursive Grouping Algo 

2. Introduce parents 

3. Update  distance   
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Recursive Grouping Algo 

1. Learn siblings



       

Recursive Grouping Algo 

2. Introduce parents 

3. Update  distance   



       

Recursive Grouping Algo 

After Iterations



Estimating effective impedances

" Algorithm:

§ Compute effective impedances between leaves

 

§ Uncorrelated Injections

3 Two equations with 2 unknowns



Estimating effective impedances

" Algorithm:

§ Compute effective impedances between leaves

 

§ Uncorrelated Injections

3 Two equations with 2 unknowns

DiSc data set, Aalborg Univ



Estimating effective impedances

" Algorithm:

§ Compute effective impedances between leaves

 

§ Uncorrelated Injections

§ Correlated Injections

" Equations as many as number of leaves 

" but can be solved as inverse covariance is sparse



Sample Complexity

Uncorrelated :

For a grid with constant depth 

and sub-Gaussian complex power 

injections,  ÿ( ý log ý /ÿ ) 
samples recovers the true 

topology with probability 1 2 ÿ.

Correlated :

 ÿ( ý 2 log ý /ÿ ) samples 

recovers the true topology with 

probability 1 2 ÿ.



Simulations: IEEE 33 bus graphs (Matpower samples)
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Extensions

" If intermediate node has degree 2, node 

ignored but impedance stays intact.

" Needs 50% observability (else Kron reduction)

" Can be modified for dynamic 

measurements/three-phase topology etc.
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Limitations

" If extremely low observability (~15%), 

approximate topology

" Not good for faults

3 Signatures are non-linear 

3 Neural network based methods work great

W. Li, D. Deka, PPGN: Physics-

Preserved Graph Networks for Real-

Time Fault Location in Distribution 

Systems with Limited Observation 

and Labels, HICSS, 2023



Current Work

" Topology Learning inside control loop and impact on performance 

for voltage control.

       

Take control action

(change in injection)

Observe states 

(voltage/ injection)

Incur cost

(injection+state)

Update Control

(Needs topology/parameters)
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Thank You. Questions!

Ans: 


