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Optimization and Decision-Making Problem in Active Distribution Systems

Objectives: minimize or maximize f (x,u) Constraints
» Economic dispatch Subi _ » Bus active/reactive power
ject to _
 Power/energy glx,u) =0 balance
management h(x,u) <0 I e Bus voltage
» Operational cost * Line active/reactive power
* \oltage and reactive LB<x<UB J flow
(var_) control * Flexible load
* Active power losses « Generation power output

« Selling/purchase power
* Load restoration

» Generation curtailment
* Hosting capacity

» Social welfare

* Network reconfiguration

Variables
e Continuous variables

: -  Discrete variables (binary,
Solution algorithm: integen) (binary

» Centralized approach

» Multi-agent (distributed) approach
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Centralized and Multi-Agent (Distributed)

Control Center Centralized approach:
| i A
T SN e Solve a large-scale problem
- - ) * Require the system-wide collection of data
. . . e Require reliable communications between a
_ _ _ control center and regulation devices
Regulation Regulation Regulation
Device Device Device  Susceptible to single point of failure
Centralized

Multi-agent (distributed) approach:
» Decompose the large-scale problem
» Solve multiple small-scale problems
« Maintain the data privacy and ownership
Regulation Regulation Regulation Of CFI.StomerS. : ;
Device (agent) ~ Device (agent) Device (agent)  Resilient against agent communication
failure or limited communication

Multi-agent (distributed)




Multi-Agent Optimization and Learning

Downstream

BU.Sj:

-
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S
Upstream ¢
BUS l’] Pf lil,JI,([lj{)‘rp-Plltl;

B Threvephase @ ==-== Single=phas

. 'V [rrwerier _‘I:.-‘f Tap Changer —”— Capaomor Bank

Q. Zhang, K. Dehghanpour and Z. Wang, "Distributed CVR in Unbalanced Distribution
Systems With PV Penetration,” in IEEE Transactions on Smart Grid, vol. 10, no. 5, pp.
5308-5319, Sept. 20109.

Distributed conservation voltage reduction (CVR) in
unbalanced distribution systems with high PV penetration

An optimization model is developed to facilitate
voltage reduction and coordinate the fast-dispatch of
photovoltaic (PV) inverters and the slow-dispatch of
on-load tap changer (OLTC) and capacitor banks (CBs)

In order to ensure the solution optimality and maintain
customer data privacy and ownership, a distributed
solution method is proposed to decompose the large-
scale optimization problem into bus-level small-scale
optimization problems.

Bus-level control agents are in charge of managing the
local controllable resources and communicating with
neighboring bus-level control agents.

A modified alternating direction method of multipliers
(ADMM) algorithm is proposed to handle non-convex
optimization problems with discrete switching and tap
changing variables.
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Multi-Agent Optimization and Learning

Distributed CVR In integrated primary-secondary

Distributed leader-follower control distribution SyStemS:
framework (cyber layer) .. ] .
- Information exchange [ * A \Volt/Var optimization based CVR (VVO-CVR) is
----- > - Measurements Ea—— modelled in an integrated medium-voltage (MV)
T POPMARE Leadercomrotted primary distribution network and low-voltage (LV)
=1~ YFollower controller 41 secondary distribution networks.
: - B , -
T T e To solve the VVO-CVR problem in a distributed way,
A nskd“‘;k#; we first split the primary and secondary networks from
T d— jt. modeling perspective, then introduce coupling
Secondary sietwork #2 constraints at boundary nodes, finally map the primary
§—eo—es- l-Iil:"igmnd:;rnmmrkﬂ’ and secondary networks into leader and follower
- f g controllers in ADMM distributed framework.
.»-:31%7 - @ - Boundary ; -
“  e-Lmamae * We propose an online feedback-based linear
Integrated primary-secondary distribution system & -DG apprOXimation method Where the inStantaneOUS pOwer
hysical layer )
et ien and voltage measurements are used as system feedback
Q. Zhang, Y. Guo, Z. Wang and F. Bu, “Distributed optimal conservation voltage : : : : : :
reduction in integrated primary-secondary distribution systems," in IEEE Transactions on In eaCh Iteration Of ADMM to Imearlze the nonllnear
Smart Grid, under third round review. terms of power calculation for both power flow and

ZIP load models.
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Multi-Agent Optimization and Learning

Level I: Distribution System Control

P - Action Lunpcralne Agent

P -State

/?7/77%

Equivalent ﬁggregate MG Models

A A
o
|
v \
MGCC Agent
- = Dispatchings
» = Load Node
= - ESS
®-DG
& -PY

Level II: MG Power Management

Q. Zhang, K. Dehghanpour, Z. Wang and Q. Huang, "A Learning-Based Power
Management Method for Networked Microgrids Under Incomplete Information,” in
IEEE Transactions on Smart Grid, vol. 11, no. 2, pp. 1193-1204, March 2020.
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e At Level II,

A learning-based power management method for
networked microgrids (MGs) under incomplete
Information:

* A bi-level cooperative framework is proposed using a
reinforcement (RL) based method for a distribution
system consisting of multiple networked privately-
owned MGs.

« At Level I, a non-profit cooperative RL agent

maximizes the total MGSs’ revenue by setting retall
power price signal. By considering the model-free
nature of our RL-based method, the data privacy of
MGs and the data confidentiality of costumers are
maintained. The power management problem is solved
with access to only minimal and aggregated data.

each MG agent receives the price signals
from Level | and solves a constrained mixed integer
nonlinear programming (MINLP) to dispatch their
local generation and energy storage system units.



MGs are active clusters of:

Networked MGs

At —| . « Distributed energy resources (DERs), such as diesel
l—;_/’ - Sad hilts generators (DGs), photo-voltaic generators (PVs), wind
Y\  Tammmi\ /\} “T’\ generators (WTS).
¥ T R\ec1 BOoel N ‘fr % o Energy storage systems (ESSs)
¥ [:r 1\ 4 m—\  Other onsite electric components
prag=—— = N s \ A\ .. ] i :
" MG "“'\\,_ el \i‘;f’“@'i by Smart distribution systems may consist of multiple MGs
i Connon Point, . fw) and the coordinated control of the networked MGs can
UM . ,  offervarious benefits:
|\ P | Y e 7 _ _
\ [@ S r &  Higher penetration of local DERs
)’3\_ * Improved controllability
NG | . N
l\f-k -~ W : m{ » Enhancement of power system resilience and reliability.
\\q_ff"_ ______ _-""\.______,/"I . .
\Unvares 2014) Various ways to solving the power management
<4 — — » Cyber Communication-Information Flow .
| ‘ | problem of networked MGs :
— Physical Connection—Power Flow
» Centralized and multi-agent (distributed)
(Wang 2015) e Model-based and model-free
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Power Management Problem of Networked MGs

e This optimization problem is solved over a moving look-ahead decision window t' € [t,t + T].
* Objective + Global constraints (whole distribution network) + Local constraints (inside each MG)

N T+t The objective minimize MGs’ total cost of operation.
min z z (—ARPPSC + AL Fine) » Each MG is assumed to have local DGs, ESS, solar PV panels and
Pl i o _ several loads. The control action vector is

[PDG pCh pDis QDG QPV QESS] € (xp xq).
— « The fuel consumption of DGs can be expressed as a quadratic
polynomial function.

2
Fi,t,n = arji (Pil,)nG,t/) + br];Pil,)nG,t/ + erlc

71 Global constraints are defined over variables that are impacted by
_control actions of all the MGs:

» Nodal voltage amplitude constraints for the entire nodes.
-« Branch current flow constraints throughout the network

s.t. Vit <V, < VM

M M
=i < Lije < I}

Our solution leverage AC power flow equations in an implicit way in the training process
» Calculate the gradient factor of objective and constraints w.r.t. learning parameters
» Ensure that the learning modules are generating feasible outcomes
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Power Management Prob

DG DG.M
0<Ppu=P,

DG DG.M
0< Qi,n,tr = Qi,n

DG _ pDG | DG,R
|Pi,n,t' Pi,n,t’—l = Pi,n

PV PV .M
i,n,tr| = Qi,n

PCC PCC,M
PIEC| < P,

PCC PCC,M
Qrscl < Q.

1 C
SOCippr = SOC;pr_y + A(PER L en — PP, /Mpis) Efn?

SOCM < SOC;nu < SOCH,

in =

Ch Ch,M
0< Pi,n,t/ = Pi,n

Dis Dis,M
0 < Pi,n,tl = Pi,n

pth. pPis =0

L,ntrt i,n,tr

|| < Q™

lem of Networked MGs

Local constrains are defined over the local control actions of each
MG:

» DG active and reactive power output constraints.

« DG ramp generation constraints.

» PV reactive power output constraints

» Active and reactive power transfer constraints at the PCCs

R

o ESS state of charge (SOC) constraints

e ESS maximum capacity constraints

» ESS active charging and discharging power constraints.
» ESS reactive power output constraints

|

lowa State Universit



Literature Review

Ref. Application Solution Model
Wang 2015 Centralized power management of networked MGs Centralized Model-based
Lu 2017 Centralized power management of networked MGs
Farzin 2018 Enhancement of reliability performance of networked MGs
Wang 2016 Consensus-based normal operation and self-healing of networked MGs Multi-agent
Mojtaba 2017 A multi-agent framework for fault resiliency enhancement of networked MGs (distributed)
Shi 2018 A distributed cooperative control framework for synchronized reconnection of networked MGs
Zhang 2020 A bi-level learning-based power management method for networked MGs RL Model-free

Limitations of model-based optimization methods:
» Solve a large-scale optimization problem with numerous linear and nonlinear constraints
» Relay heavily accurate knowledge of grid topology and parameters
Potential infeasibility of model-free machine learning methods:
» Conventional RL methods train black-box functions to approximate the state-action through trial and error.
» The trained black-box functions can fail to satisfy critical operational constraints.
» This can lead to unsafe operational states and control action infeasibility.
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Introduction: Conventional RL

Conventional RL:

» Learn to make a good sequence of decisions and maximize the expected cumulative reward
» Markov decision process (MDP), S;, A¢, Ps, R;

* Repeated interactions (environment, distribution system)

* Do not need reliable and complete distribution network model

» Policy is the agent’s behavior and a map from state to action, a = m(s)

» Offline centralized training

* Online centralized implementation (well trained)

’_[Agent}
state reward action
\Y R, A,
1 Rt f
S | Enwronment]<
(Sutton 2017)

Challenges of conventional RL.:
» Incorporating constraints into the training process of conventional black-box RL methods
« Alarge-scale training problem, inefficient implementation and potential violation of customers’ privacy
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Literature Review: Multi-Agent and Safe RL

Ref. Application Solution algorithm Constraints
Zhang | Power management | « Offline centralized training Constraints are considered in a lower-level optimization
2020 of networked MGs |« Online centralized implementation problem
Ye Power management Constraint violations are penalized in the reward function
2020 | of residential house
Sun | Volt/Var control » Offline centralized training
2021 * Online distributed implementation
Gao
2021
Safe RL:

» Large number of constraints

« Manually design penalty coefficients for constraint violations, which either offers inadequate penalization
of the constraint violations or excessive punishment for the constraints

Multi-agent RL (distributed training and implementation):
* Privacy of each control agent
« Efficiency of training process
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Problem Overview

The general framework of the proposed supervised multi-agent safe policy learning (SMAS-PL) method is shown as follows:

« To ensure safety of control policies, MG agents receive the observations from the distribution grid and determine gradient
factors of the objective and constraints w.r.t. to learning parameters of policy functions.

 The multi-agent framework employs local communication between MGs agents and exchange the dual Lagrangian
variables (not critical and private information).

-1
~

- [
1o I+,

MG Agent 7 Local Communication  y1G; ggent n’ « Each MG is controlled by an agent
———— e ——— P A —————— e e
J—> Policy Learning :: An(t}‘;: 1 Policy Learning —:—p * Stat-e S
‘J_I 0, — U(Vg J) o 0,y <= Uy .J) 4—:— e Actiona
I

_. A :
I | I y6n , e Observation 0
Action Selection | S Action Selection | .©  Policy function
™ apnisalen | E[O I ™ a~nsilen | F|VO I y
Sa(0) : 3| 5o I 50 | . Update rule U
= £ , = _
81 2 a(t+1) © | & 2| & (E+1) < | e Learning parameter 6
— -———,:: _____ o s ] 4-: T e ! e e I | .
. - « Gradient V,J

e Lagrangian A

Distribution Grid with Networked MGs j
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Contributions

We propose SMAS-PL method for optimal power management of networked MGs in distribution

system.
e Compared to conventional black-box RL, our proposed SMAS-PL.:
« Calculates gradients of all the operational constraints w.r.t. actions to promote the safety and

feasibility of control policies.
» Considers a backtracking mechanism into the PL framework to perform a final verification of

feasibility before issuing control commands to the assets.

e Compared to conventional centralized RL, our proposed SMAS-PL.:
* Preserves the privacy of MG agents, including their control policies parameters and structures,

operation cost functions, and local asset constraints;
« Enhances computational efficiency and maintains scalability as the number of learning

parameters grows into a humongous size.

Note that the proposed method introduces a trade-off between model-free and model-based methods
and combines the benefits offered by both sides.
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Constrained MDP

To transform an optimal power management problem into a SMAS-PL problem, we introduce
constrained MDP:

(1) Agents: Each control agent is dispatching the resources within an individual MG.

(2) State set: The state vector for the n’th MG agent at time t is defined as S, . over time window
[t,t + T]:

. IA,‘Z,‘{, and 13}1}, are the vectors of predicted aggregate internal load power and

Ao tHT solar irradiance of n’th MG at time t’, respectively.
Snit = [1 tr Pr, tl]t —t « The prediction errors follow random distributions with zero mean and the
standard deviations selected from the beta and Gaussian distributions.

(3) Action set: The action vector for the n’th MG agent at time t is defined as a, . over time
window [t, t + T]:

a [ G pCh pDis ESS t+T
Tlt - Tlt” ntH Tlt” Tlt” ntH TL t_t

(4) Observation set: The observation variable vector at time t is defined as Oy

* VI, and I, are the vectors of grid’s nodal voltages and current injections.
Ot = [Vt I¢] » The observation variables are implicitly determined by the agents’ control
actions
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Constrained MDP

(5) Control policy: the control policies are modelled as multivariate Gaussian distributions as follows:

1
a,~m,(a,|6,) = e 2 e Gaussian distribution allow for explicit learning of both

\/ |2, [(27) P expectations and uncertainties of control policies: mean vector
_ U, and covariance matrix X,,.
Hn = DNN(Sn|0y,) e Control policy (u,, and X,) is parameterized by deep neural
>. = DNN(S,|05. ) network (DNN) with weights and bias 6, and 05
n

(an_lin)Tzr_zl (an—pn)

(6) Reward: the reward function is defined as the discounted negative accumulated operational cost of
Individual MG over [t, t+T]:

o Discount factor y determines each MG agent’s bias towards

t+T reward at different time instances
]Rn () = Enn yt’ Ryu| Vne {1..N}  Expectation operator E,_is used to calculate reward w.r.t. the
tet future expected action-states, which is impacted by the

uncertainties of states and observations.
(7) Constraint return: the constraint return is defined as the discounted accumulated constraint value
over [t, t+T]:

t+T e Cp¢ is the return value of m’th constraint under the control

=9 Z VCmul=o0r<d,,vme{l..M policy
]Cm (1) T t,_ty mt m { c} e d,, Isthe upper-boundary of the m’th constraint
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Safe Policy Learning Formulation

* Given the definitions of constrained MDP, the power management problem of the networked MG is
first transformed into an intractable and non-convex PL problem [Achiam 2017].

« The control policies of the agents are updated at time t, around their latest values, by maximizing a
reward function, while satisfying constraint return criteria, as follows:

N
mt*t! = arg max Z]Rn(nn)
T4,...Tp

n=1

s.t.
Ap~Ty (Sn)

A(mr,mh) < 6,vn

m = {m, ..., } denotes the set of control policies of all
agents.

Agent’s policy is a function of the state vector

A ~T00 (Sp).

The expected constraint return value are used to ensure
the satisfaction of m’th constraint based on control
policies.

A Is the Kullback Leibler (KL) divergence function that
serves as a distance measure between the previous 7}, and
the updated policy 5.

Step size §
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Safe Policy Learning Formulation

e Then, the intractable non-convex PL problem can be solved by a trust region policy optimization
method (TRPO), and further transformed into a tractable convex iterative quadratically constrained

linear program (QCLP), which enables learning the PL parameters 84, ... 6,,.

« Qur solution leverages the linear approximations of the objective and constraint returns around the
latest parameter value ¢ [Achiam 2017]:

—

N N
mt*t! = arg max ZJRn(nn) 1 = arg max z gr(6, —o6b) * gn=VgJr, and b, =V J. _ arethe
1,...Tp 91!"'971 -

n=1 n=1 gradient factors of the reward and

s.t. s.t. . constraints returns with respect to
Ap~T0n (Sn) ‘ Jen (0°) + by (8 — 0) <djy,, VM = the learning parameters 6.
<d v 1 « The KL divergence function is

Jep (M) < diy, Y > 6, —06)TH, (6, —6) <5,Vn transformed by using the Fisher
A(r,, k) < 8,Vn _ information matrix H,,.

« Before obtain 6,, € [Hun, HEn]’ we must calculate the gradient factors g,, and b,,, first based on power
flow formulations.
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Gradient Factor Determination: Chain Role

To determine gradient factors g,, and b,,,, the following information are used:
» (Observation variable, including nodal voltages and current injections;

o Latest system state of each MG agent;

» Latest control actions of each MG agent;

o Latest learning parameters;

» Network parameters, including the nodal admittance matrix.

Using the above information and chain rule, the gradients g,, = |9, gs.| and by, = |bm . bms. | can
be obtained as follows:

) 9 . :
g _9JRry 9an 0mty Otin o Bnang Ylm. yse current injection-based AC power flow equations. _
Hn" 9a, Omy Opn 06, Jan 9an
o —: use the latest value of a,, and the probability density function of
_0JR, day dm, 0%, Omn T
9z,= daty Omy 0y, 903, B gjtultlvarlgte Gaussian distribution m,,.
T .y - .
. # and a?": use the latest values of u,,, Z,, and the probability density
dJc,, da, 0my, O no noo . .
b =—Cm Zon ZTn Zhn function of multivariate Gaussian distribution 7,,.

MHhn 9a, Omy O, 06,

2 0%
e ZEnogpg Zm

a]Cm da, 0my, 0%, 081y, 005, - -
bms,,= day, Omty Oy 003, the outputs of DNNs, and 6, and 65, are weights and bias of DNNs.

lowa State Universit

. use back-propagation process of two DNNs, u,, and X, are




Gradient Factor Determination

: : : ]
The gradients of the expected reward Jr and the expected constraint return J.  w.r.t. control action a,, a] :"

n
Jcm

o can be obtained by a four-step process and current injection-based AC power flow equation.

and

Step 1: Obtain the partial derivations of real and imaginary parts of nodal current injection w.r.t. control actions
aIRe aIIm

and
dan dan
Partial derivations of I*¢ and I w.r.t a,
Nodal current injection:
n D 'h Dis DG PV ESS
] V,Re + g; V_Im Pn,t" pn._t’ Pn.,t' Qn,t’ Qn,t’ Qn_.t’
pl,n,tl L,tr ql,n,tl i,tr
IRe — He He He I'm Tm Tm
Lt V'Zt JRe Vil Vi Vi Vit Vi Vi
Ltr it V2 ) Ve V2 ! V2 , V2 , T vZ2 ,
Im - Re - ’lf:?i-, fif-frl, ’i.f.tll'n i;j;fh.' i;ih.' r .Fl?.-c:t
m _ pi,n,t/Vi,tr CIi,n,trVi,tr im . Vitr Vit o Vitr . Vi . Vidr Vier
Ii,t’ — VZ it F'EH V'-EL’ Vi Vi Vi V; £
it’ T Ty P T P T,
Nodal power balance:
_pD __ pDG _ pPV Ch __ pDis
Pintr = Pi,n,tl Pi,n,tl Pi,n,tl + Pi,n,tl intr
— NnD __NnbG __ PV ESS
Qintr = Qi,n,t/ intr in,tr + Qi,n,tl
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Gradient Factor Determination

Re Re Im

an and

relationship between nodal voltages and current |nJections:

Step 2: Usmg

are obtained by employing the network-wide

-BVRe_ _1 'aIRe'
R (Re,Re) I (Re,Im)
aan _ Y e — YD _Y m _ YD aan
gyim yim _ Ylglm,Re) yRe _ Ylglm,lm) arim
| day | | dap |

The elements in diagonal matrices Y.%&R¢) | y(Re!™) yUmRe) apg yUmim)

R R I
Y(Re,Re) . .\ _ DPintr 2V (PintrVits +dintrVidr
D (i,1) = V2 4
Lt/ Lt/
I R I
y (Re.Im) _ Qiner 2V PinerVier +qimeVidr
D (i,i) = V2 VA
Lt it/
R I R
Y(Im Re) dintr 2Vi,tf(Pi,n,trVi,31—qi,n trVier
(i i) = %z s
itr it/

Im
y (mIm) G,i) = Pintr Vi (pi,nt'V tr qlnt’Vlt’)
D ) - V'Z V.4'
Lt it/
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Gradient Factor Determination

o Step 3: Using the branch current flow equations, the gradients of branch current flows are determined as a
function of the derivatives of nodal voltages and current injections:

Re Im Im Re Re
aIl]Jt, _ yIm aVlJt, a‘/j't, Re aVlJt, aI/j't,
aan,t, ] aan,t, aan’t, aan’t, aan’t,

O _ (Y e (24
L

tj

00y, ¢/ 00y, ¢ - 00y, ¢/ i) 00y, ¢/ - 00y, ¢/
: : : ] ] :
o Step 4. Using the gradients obtained from Steps 1, 2, and 3, a] ;n and afsm can be determined through

straightforward algebraic manipulations.

« Asan example, the gradient of reward function w.r.t. the action P2¢, is calculated as:

t+T
a]Rn _ F R aViI,?tf Re Re all{?te’ aVi{?’l Im Im allI?}
DG = Ain(2ar + bp) = 2| —=pa 5% + Vi —=pe + wope lirt T Vit ==b3
ORYS 4t dPPS dPPS " 9pPS dPPS

lowa State Universit



Consensus-based Multi-agent Learning

e Using the gradient factors, the QCLP is fully specified and can be solved at each policy update
Iteration for training the agents’ policy learning framework.

« Two challenges when solving this problem:
(i) the size of the DNN parameters 8 can be extreme large, which results in high computational
cost during training;
(i) the control policy privacy of the MG agents might not have access to each other’s control
policies, cost functions, and local constraints on assets.

* We propose a multi-agent consensus-based constrained training algorithm:

Step | Initialize: _ _ _
 The previous values of learning parameters 8¢ ~1 are considered

6L (0) « BLt~1 as initial values for 6/ (0).

Step 11 Weighted averaging operation (global constraints):

_ n , » For global constraints, MG agent n receives the Lagrangian
An(k) = z Wy (') Ay (k) multiplier A,/ (k) from its neighboring MG agents and combines
n'=1 the received estimates using weighted w,, (n") averaging 4, (k).
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Consensus-based Multi-agent Learning

Step 111 Primal gradient update (global constraints):

_ i ) . | |
0n (k) = 05,(k) — p1(gn65(k) + by, 05 (k) A, (K)) mgrzgiztv’;it‘;]pgates Qna% i{ggl;i;ng a gradient descent
n ¥mi 1

Step IV Projection on local constraints:

0f(k+1) =arg m@in”én(k) — 9”
s.t. « MG agent n projects the local learning parameters 8¢ to the
Je, (B5(0)) + b (6£(0) — 6) < dpp, Vm feasible region defined the gradients of the local constraints.

1
5 (6L(0) — 8)TH, (6L(0) — 6) < §,Vn

Step V Dual gradient update:

MG agent n’s estimations of dual variable 4,, for the global

e t _ + —
An(k) = [An(k) + p1(bybn (ke + 1) dm’)] constraints can be updated using a gradient ascent process over A,,.

Note that MG agent n only shares the Lagrangian multiplier with its neighboring MG agents, not critical
control policy and actions.
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SMAS-PL Training and Implementation

Algorithm 1 SMAS-PL Training » Offline Training:

TTONT - 1: Select t™a= T4, k™2 w,(n'), p1, pa, Al . . .
Initialization L 2 itiatize 5 b « A multi-agent framework is used to train
Update states i s s Seai e the policy function of each MG agent

) o e o « The agents repeatedly estimate and
Update actions L T G a(Shlfn) o O7) [Action slection communicate the Lagrangian multiplier of
S o 0o /0an < (59), (5T)58) global constraints.
: Oy [OT, + (32) . .
oo (33 « The agents solve its own local constraints.
Calculate 122 Omn/08n + (34) . .
. 1 Oty /08y, < DNN,  [Back-propagation] .
gradlent factors 14: 5‘%1;‘693,, +— DNNy,, .[Back?prc[;)paggation] * Onllne Implementatlon -
> g;,,,f;m,pm((agol))l[fg;a{n el  First, the agents receive the latest states
: niOmE, — ain rule . . .
L 1. H, + (29) [FIM Construction] and input them into the trained DNNs to
% foitalize An(ko) obtain the mean and covariance matrices
— 20 An(k) = (35) [Averaging operation] Of the p0||Cy func“ons
21: On (k) « (36) [Primal gradignl _update]

o _ 2 f.,f{fi +1) ¢ G769 [Projecton on iuf]f*] » Then samples are generated from the

Distributed policy 1 i 168 (k- 1) — 84.(F)|| < A, then multivariate Gaussian distributions.
imizati 25: 6L+l — 9t (k + 1); Break:
optimization o endir | « These samples are averaged and passed to
= i85 6| < A0, then the local controllers of each controllable
Check convergence {5, Output 87, + 041 Break; asset as a reference signal.
30: end if

31: end for

OUtpUt trained p0|le { 32: Output well-trained parameterized pplicy 7, (6}, )
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BaC ktraCkI ng Strategy To ensure feasibility, we can add a backtracking strategy

Into the proposed solution:

Backtracking module 1. Power flow engine (PFE):
(Tighten the upper-bound) <+ * The PFE receives the control actions from the agents and
- - runs a simple power flow program.
¢ Dim ‘ Am * If no constraint is violated, the control signals are passed
MG agent 1 MG agent N to controllable assets.
» If some constraints are violated, then the PFE will engage
¢ “ ¢ - No the backtracking process
Power flow engine 2. Backtracking module:
(Check the feasibility of actions) « The backtracking module tightens the upper-bound
¢ limits (d,,,) for the constraints that have been violated.
[ S e The parameters of the trained DNNs will be re-updated
-—*—if_:"f.‘:‘;l{s}f the mnstraﬂihlﬂlqt%;’:’%“'::: and with the moc_iified l_Jpper-bounds. : :
— - — e The purpose of tightening the upper-bound is to provide
};I::a” asafety margin. | |
* In this paper the tightening process is performed using a
Send actions to MG controllable assets user-defined coefficient multiplier, 0 < 7 < 1, as
follows.
dy, =T Xdp
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Simulation: Setup

Test system: NG, MG,
 Modified 33-bus distribution system \ain m
* Modified 13-bus MG system )

.. ] MG, MG, MG,
» The average capacities for DGs in MGs are 60 kWh. |

» The average capacities for ESSs in MGs are 20 kWh, the
maximum charging/discharging rate is 4 kW, and the
charging/discharging efficiencies are 95% and 90%,
respectively.

33-Bus Network

Taring and testing data:
o The input data for load have PV have 15 min time

resolution are obtained from smart meter database to Description Notion __ Valuo
provide realistic numerical experiments. Average electricity price ($/kWh) AR 0.046
 The training and testing datasets are selected through Average DG fuel price (S/L) A 0.57
uniform randomization to ensure that the proposed Fuel cons. quadratic function parameter (L /kW 2) af 0.0001773
] Fuel cons. quadratic function parameter (L /kW) bt 0.1709
solver functions reasonably. Fuel cons. quadratic function parameter (L) ef 14.67
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Simulation: Hyperparameters

All selected DNN hyperparameters and other user-defined coefficients in simulations are summarized in the
following table:

e All hyperparameters have been selected through

Description Notion _ Value cross-validations, including repeated try-outs.
Length of the decision window in episode T 4 ) _ _ ] _
Discount factor . 0.99  Each episode Is a learning update iteration based
Step size for updating 6 5 1% 103 on the data that comes from one moving decision
Maximum iteration o 200 window.
Weight ?IlSSigI'lEd tFn receiveftll information Wn 0.2 e The Iength of the moving window is 4 samples
S:t’g;fi‘:?;p;?:1;;3?;?::53? z g:g: with a 15-minute time step, which gives us a 1-
Threshold for parameter updating Ad 1x1014 hour window.
Tightening multiplier T 0.9 « The DNNs have 3 hidden layers, 1 input layer,
Number of hidden layer - 3 and 1 output layer, where each hidden layer
Number of neurons per hidden layer - 10 consists of 10 neurons.
Size of minibatches - 128  The activation function of each layer of the DNN
Activation function of DNNs : tansig is hyperbolic tangent sigmoid transfer function
(tansig).
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Simulation: Results

 In the case study, action selection is performed by sampling 100 times from the trained policy functions
(distribution).
» A trade-off is involved in choosing the number of action samples:
 |If this number of samples is too large, then the selected action will converge to the policy mean, which
implies that model uncertainties are ignored.
o |If this number of samples is too small, then the outcome can deviate from the learned mean value, which can
also result in low-quality outcomes.
» Then the dispatch action is obtained by averaging the selected samples.

|-Demand B ocal Generation [ 1Power transfer| MG — - _MG MG, —omor MG -« _MG
1 2
{ { f 1 ! I ! !

s
&h
T

o e s [ B B Gl el il B il el D Gl B
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SOC
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&h
T

Aggregated Power (p.u.)

=
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Time (15min)




Simulation: Benchmark Methods

To demonstrate the effectiveness of SMAS-PL, two benchmark RL methods have been considered:

* The benchmark unconstrained policy learning (U-PL) method leverages the same algorithm as the proposed
SMAS-PL, however, certain constraints are removed during the training process of U-PL.

« The benchmark deep Q-network (DQN), which uses DNNs to approximate the Q-function and provide Q-value
estimation for discretized control actions.

» To consider constraints in DQN, penalty terms are added to the reward function of the benchmark DQN to discourage
constraint violation

t+T ME t+T ML t+T
R pPCC F —
z Z( /1 P nt' +ATan,t’) z z ]C’m’tl dmltl Pm z Z(]Cmtl —dm, t'
n=1t'= mr=1t'= m=1t'=

« The DNN is parameterized by 6 as a function approximator to represent the Q-value function. The temporal
difference (TD) learning algorithm is used to train the DNN by minimizing the mean-squared TD error Lg

2
Lo =FE [(Rtl + y max Qg+ (St/4+1, A1) — Qo (St at/)) ]

atr+1

0 « 9+66L
20
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Simulation: Comparison

* The rewards under SMAS-PL, U-PL, and DQN are compared with each other.

* Note that here, the moving average rewards and the episode rewards of different methods are depicted by dark
and light curves.

* Two cases are considered in implementing U-PL: (i) no DG capacity constraints for MG1 and MGZ2; (ii) no DG
capacity constraints for MG1-MGS5.

. . . . ' ' * Both SMAS-PL and U-PL both outperform DQN in

—A— SMAS-PL
50|~ E-UPL() | term of the total reward.
Dtely sy« Both SMAS-PL and U-PL both leverage the proposed
§ Rl iterative and distributed technique to adaptively tune
S -100 1 LA Ao et A DIY ST the Lagrangian multipliers through information
& exchange between MG agents.
150 - 1+ DON needs to manually design penalty coefficients for
constraint violations, which either offers inadequate
penalization of the constraint violations or excessive

0 100 200 300 400 500 600 700 800

Episode punishment for the constraints.
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Simulation: Comparison

This table presents comparisons between the benchmark optimization-based method, the benchmark DQN and the

proposed SMAS-PL, including the average daily cost of operation over numerous scenarios, average online decision
time, and MG privacy maintenance.

Cen. solver DON SMAS-PL
Average daily cost (%) 1356.60 1928.4 1372.11
Average time (second) 145.50 10.30 1.40 (per agent)
MG privacy maintenance No No Yes

» The daily cost for the proposed SMAS-PL is close to the centralized optimization solver.

* The online decision time for the proposed SMAS-PL is 1.4 seconds per agent (samples the actions from the
learned multivariate Gaussian distributions), which is shorter than the 10.3 seconds for DQN (solve an

optimization problem for optimal action) and 145.5 seconds for the centralized optimization solver (solve a
large-scale optimization problem).

e Due to its distributed nature, the proposed SMAS-PL method maintains the privacy and data ownership
boundaries of individual MG.
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Simulation: Convergence

The following figures show the convergence of a selected group of learning parameters, and
during the training process, for each MG agent.

0.6 | . . . 3 . 4 . 5 |
e L e e * The changes in 6, are relatively larger than
‘ __ that of 0.
e e e e e * This is due to the higher levels of sensitivity
e e of MG agents’ objective functions to the mean

0 50 100 150 200 250 300 350 400 u of the control actions compared with their

covariance X.

0 50 100 150 200 250 300 350 400
Episode
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Simulation: Check Local Constraints

This figure shows the constraint return values during the training iterations.

» Two cases are built with and without DG capacity constraints in MG;.

* The dark blue and red curves represent averaged constraint returns and the light blue and red areas around
the average curves represent variation ranges of the constraint return for the SMAS-PL and black-box RL,
respectively.

T S T U-PL violates the upper boundary for DG
S15( - uPL ) 1 generation limit (i.e., local constraint case
= study).
= r .

F F " 5 N - - -
E 1L h ) e M | ¢ SMAS-PL solver satisfies the DG generation
m ! L T * - - - - -
o Constraint limit e capacity constraints, which implies that the
o - - -
-E ................. X e : .:.:,:.',l.‘..ﬁﬂ,f.:.‘...i .......................................................................... local constraints can be Safe|y maintained
E 051 . ﬁ'{‘;l....-r,ﬂ';‘ R R P
P I'I.:l -.’-'-l =
- s
S |
lr"l
Ok - 0 L 0 LD L _ _A
0 100 200 300 400 500 600 700 800
Episode
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Simulation: Check Global Constraints

This figure shows one example of the iterative distributed training convergence process for a policy gradient
update step.

« Dashed curves represent the Lagrangian multipliers for network branch current constraints

» Solid curves represent the Lagrangian multipliers for network nodal voltage constraints

| Dashed curves: network branch current constraints « Ascan be Seen, the I—agrangian multipliers

0.5 Salld crryes: nebanrk nodal vottage conirints | reach zero over iterations of the proposed multi-

agent algorithm,

It indicates that all the global constraints,
including nodal voltage and branch current
limits, are satisfied and feasible solutions are
obtained.

It also means that the bus voltage and line
current constraints are not binding for this case.

20 40 60 80 100 120 140
Iteration
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Simulation: Check Global Constraints

1-1?-'_};_;_@5'_;_@1@% R ‘»ﬂ,ﬁ‘ o f."-‘%:g""gmrﬁ'i.ﬁz-;_ /% When handling binding global constraints.
A . ot e L A I 1 » The first figure shows a line flow constraint in the grid under
the proposed SMAS-PL and a U-PL baseline.

» The U-PL has generated infeasible decisions that violate the
constraint, while SMAS-PL has prevented the flow to go
above its upper bound.

)

u
-
=]
[X]

'3'--«_

ot

22

o
T

e

o

©
T

Branch Current (p.
2
=%

e
B
P

0 100 200 300 400 500 600 700 800

Episode
. M6, M, MG, MG, - MG, » Insecond figure, the Lagrangian multipliers for this binding

constraint reach a non-zero constant number over iterations.
« This also shows the agents’ estimations of Lagrange
multipliers for a global line flow constraint.
J 1 ¢ The proposed SMAS-PL can reach consensus between
agents on the value of the multiplier without having any
| access to each other’s policy functions,

D 1 1 1 |
0 20 40 60 80 100

Iteration
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Simulation: Impact of Backtracking

To validate the tightening parameters level (d;, = T X d,,,) in backtracking strategy, we have studied the impact
of different = values on the reward.

» Atepisode 400, the value of 7 is decreased from 1 to 0.95, 0.9 or 0.85.

-100

* Whentisclosetol (i.e., 0.950r 0.9), the
reward values are very close to each other. When
T =0.85, the reward drops significantly.

* In our simulation, we have observed that t =0.9
Is sufficient for ensuring feasibility for those few
constraints that have been marginally violated in
certain operation scenarios after one to two
rounds of backtracking.

» Note that this threshold needs to be fine-tuned

300 400 500 600 700 soo  Tor Specific grids.
Episode

-125

Reward ($)
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Simulation: Impact of Bad Network Data

To validate the SMAS-PL under network data imperfection, we have compared the average reward obtained

with perfect knowledge of network parameters and under bad network parameter information.

» To simulate the impact of bad network parameter data on model performance, we have added random errors
(with a 10% variance) to the network resistance (R) and reactance (X) parameters during the training

Process.
'1 UD I T | | T T |
+
bt T Ry
I‘E 1-! -FI ': if""- ' r. 47:
— . I-., .!IIJ'”I | I':.'. :' l. !- i Ir" ih H’“ qLﬂ “d # ‘m |;|
§ 125 .‘ﬂl_;i':!!f -]- + J— —I— 4._ . -'1- —I|- i
& hli#
I —-+-—Bad network parameters
Original netwrok parameters
_1 5D | 1 | | 1 1 |
0 100 200 300 400 500 600 700

Episode

800

The bad network data will lead to errors in
gradient factors.

Even though the learning process with bad
network data shows more volatility and needs
more time to reach convergence, the model
still reaches reward values close to the ideal
case.

However, due to the imperfect information, a
loss of reward is inevitable.

We put topology change in the future work.




Conclusions

« Conventional model-based optimization methods suffer from high computational costs when solving
large-scale multi-MG power management problems. On the other hand, the conventional model-free
methods are black-box tools, which may fail to satisfy the operational constraints.

o Our proposed SMAS-PL method exploits the gradients of the decision problem to learn control
policies that achieve both optimality and feasibility.

* To enhance computational efficiency and maintain the policy privacy of the control agents, a
distributed consensus-based training process is implemented to update the agents’ policy functions
over time using local communication.
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Future Work

1. During the service restoration process for low-inertia inverter-dominated MGs, then the frequency
response due to large load pick up shall be considered.
* We are developing a frequency dynamics constrained sequential service restoration method.

2. If the topology changes, the policy function for each MG agent needs to be re-trained to guarantee

the satisfaction of constraints.

« Meta learning + RL: Meta learning is “learn to learning”. The meta-parameters such as learning
rate, exploration rate and discount factor, can be pre-trained.

* Topology embedded graph convolutional network (GCN) + RL: GCN develops an explicit way
of integrating topological structures into the convolution algorithm. The basic idea behind GCN
Is to distill the high-dimensional information about a node’s graph neighborhood into a vector
representation with dimension reduction.
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Gradient Factor Determination

The gradients az , ZZ" and a_ are obtained using the probability density function of multivariate Gaussian
n n Tl
distribution. The multivariate Gaussian distribution is:
Foowux) = 1 e z(x WTE 1 (x-p)

Vv IZI(2m)P

The derivative of distribution function f w.r.t. mean vector y and covariance matrix X can be written as follows:
-1
Of I (=) ta-w s i-w

ou  [Iz|(2m)P

ﬂ _ _1(2—1 — > M —wWx—wrz™hH e_%(x_u)Tz_l(x_m
0 2 /lzl(zn)D

The derivative of distribution function f w.r.t. variable x is shown as follows:

-1
of I (=) LT G-

0x  [1Z](2m)P
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Gradient Factor Determination

The gradients of DNNSs’ outputs w.r.t. DNN parameters

d X
Un and n

20, 205 are obtained by using a back-

propagation method:
* In each iteration, the latest values of state variables are employed as inputs of the DNNSs.

 The back-propagation process exploits chain rule for stage-by-stage spreading of gradient
Information through layers of the DNNs, starting from the output layer and moving towards
the input layer.

* To enhance the stability of the back-propagation process, a simple batch approach is adopted,
where the gradients obtained from serval sampled actions are averaged to ensure robustness

against outliers.
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