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Abstract: The worldwide aspiration for a sustainable energy future has led to an increasing deploy-
ment of variable and intermittent renewable energy sources (RESs). As a result, predicting and
planning the operation of power grids has become more complex. Batteries can play a critical role to
this problem as they can absorb the uncertainties introduced by RESs. In this paper, we solve the
problem of computing a dispatch plan for a distribution grid with RESs and batteries with a novel
approach based on Reinforcement Learning (RL). Although RL is not inherently suited for planning
problems that require open loop policies, we have developed an iterative algorithm that calls a trained
RL agent at each iteration to compute the dispatch plan. Since the feedback given to the RL agent
cannot be directly observed because the dispatch plan is computed ahead of operation, it is estimated.
Compared to the conventional approach of scenario-based optimization, our RL-based approach can
exploit significantly more prior information on the uncertainty and computes dispatch plans faster.
Our evaluation and comparative results demonstrate the accuracy of the computed dispatch plans as
well as the adaptability of our agent to input data that diverge from the training data.

Keywords: active distribution grids; battery control; reinforcement learning; dispatch plan

1. Introduction and Background

The growing world aspiration of a sustainable energy future has led to an increasing
deployment of renewable energy sources (RESs) [1], which however pose new challenges to
grid operators due to their intermittency and uncertainty. Not only structural changes are
required, caused by the shift from large, centralized towards smaller, decentralized power
plants but also adaptions and progress in the grid operation are necessary. The generation
of conventional power plants such as nuclear or coal-fired power plants is controllable and
can directly follow demand. On the contrary, the generation of RESs depends on uncertain
natural factors such as wind, solar irradiation or river flow and can only be adapted up to a
certain degree [2]. Therefore, predicting and planning the operation of modern power grids
with RESs has become much more complex than before. Batteries can serve as the means
for safely integrating RESs into power grids in large scales, as they can absorb the uncertain
fluctuations of RESs” generation by charging with the surplus energy when generation
is higher than demand and discharging to cover the extra demand vice versa. Due to
the capability of adapting the power output within short notice, batteries are suitable
for providing such ancillary services [3]. Additionally, also batteries’ construction cost is
expected to keep decreasing [4]. However, in order to fully exploit the batteries” potentials
towards enabling a more sustainable electrical grid, their operation needs to be optimally
planned thereby exploiting any available prior knowledge on the RESs generation.

In this paper, we study the planning of the operation of active distribution grids with
RESs and batteries with the aim of increasing the predictability of the joint power output.
In particular, we design a mechanism to compute an ahead-of-operation (for instance day-
ahead) dispatch plan [5] at a point of the power grid where several distributed resources
(e.g., RESs and batteries) are aggregated together. A dispatch plan is defined as a time
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sequence of power values at this aggregation point over a future time horizon. In addition,
the aggregation point is usually the Point of Common Coupling (PCC) of the distribution
grid with an upper level grid (e.g., the transmission system). During real-time operation,
the goal of the power grid operator is to control batteries so as to follow the pre-computed
dispatch plan at the PCC, while taking into account the battery limitations as well as the grid
constraints. The conventional solution approach of the dispatch plan computation problem
for a distribution grid with RESs and batteries under grid security and batteries’ constraints
involves handling a non-convex AC Optimal Power Flow (AC OPF). Considering the
RESs uncertainties further complicates the problem as this is achieved by most often
either incorporating scenarios (scenario-based optimization) [5-7] or chance constraints
(chance-constrained optimization) [8,9].

There exist several approaches in the literature proposing solution methods of the
non-convex AC OPF for power grids, and particularly distribution grids. The majority of
them focuses on radial grids, e.g., [5,10-17]. These methods apply relaxation techniques
and some provide guarantees on the exactness of the solution under specific conditions
(e.g., [5,10-13]). Among them, in [5], we have developed CoDistFlow, an efficient heuristic
iterative scheme for dispatching, which is proven to give a solution that satisfies the
full nonlinear power flow equations and the full non-convex grid security and battery
constraints for scenario-based optimization. This approach is further extended in [18] for
intra-day dispatching.

There exist also a few approaches for meshed topologies. For instance, the approaches
of [19,20] apply the Lassere moment relaxations in AC OPFs that have a polynomial
structure with respect to the complex voltage phasors. In [21], the authors apply Taylor
approximations to linearize the AC OPFE. Another linearization approach is proposed
in [22], using prior knowledge on the statistics of the demand. Finally, there exist heuristic
approaches that apply to both meshed and radial topologies and provide locally optimal
solutions such as genetic algorithm-based schemes [23] and Lagrangian-based nonlinear
optimization methods [24].

The challenge with current model-based methods is that solving the OPF for dispatch-
ing and other applications for large systems is computationally intensive and therefore
often cannot exploit the full prior knowledge on the uncertainty [5,19,22]. Especially when
updates to the dispatch plan are to be carried out intra-day, the available computational
time is limited [18]. For instance, although thousands of historical scenarios of RESs genera-
tion trajectories might be available, in scenario-based optimization, we can usually account
for only tenths of those obtained via scenario-reduction [5,18,25]. Using chance-constrained
optimization on the other hand leads to tractability issues, requiring approximations.

To solve computational issues and to account for all the available prior information on
the uncertainty, in this paper, we propose a machine learning technique for computing an
operation-ahead dispatch plan for a distribution grid with RESs and batteries. In particular,
we train a Reinforcement Learning (RL) agent [26] that will be used to solve the dispatching
problem. The RL agent learns by data collected from the system as well as by penalties
and rewards; traditional optimization techniques and a model of the system are no longer
required. Although training is time-consuming, it can be conducted offline in advance while
considering much more information on the uncertain RESs and loads than, e.g., scenario-
based optimization is capable of. In addition, we do not have to handle the tractability
issues related to chance-constrained optimization. After training is performed, using a
trained agent is very fast and practical.

However, there exist only a few works in the literature applying RL for the dispatching
problem. The reason is that RL is not inherently suited for planning problems because
the dispatch plan has to be decided for the whole next day a priori and thus it is not
possible to receive feedback for a decided value of the plan before choosing the following
ones. Moreover, the few existing related works do focus on different problems than the one
considered in this paper, i.e., computing operation-ahead plans for EV charging [27], battery
charging [28] and demand response [29,30]. In particular, Ref. [27] computes a day-ahead
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plan for charging an EV fleet with fitted Q-Iteration. In [29], batch fitted Q-learning is used
to construct an offline policy for day-ahead scheduling and an online policy for dynamic
pricing in DR. In [30], the authors use RL for computing a day-ahead dispatch plan for
a hybrid power system consisting of a renewable energy resource (wind or solar) along
with a thermal power element. The objective is to minimize the system’s operating cost,
the active network losses and the renewable energy disposal. Finally, in [28], a battery
energy system is dispatched in a microgrid so as to minimize the monetary costs and the
deviation from a fixed power at the PCC.

In this paper, to the best of our knowledge for the first time, an algorithm for computing
dispatch plans for active distribution grids with RESs and batteries is presented that is
based on an RL agent and inherits all the previously mentioned advantageous properties
of RL. Our RL agent is trained with the Deep Deterministic Policy Gradient (DDPG) [31]
algorithm that, contrary to the Fitted Q-Iteration used in most of the works mentioned
above, is for both continuous action sets and continuous state sets. The DDPG algorithm is
an actor—critic RL scheme. The actor is a function that represents the policy that selects the
actions, and the critic is another function that approximates the Q-value rather than storing
it for each state action pair as in tabular Q-learning. Both the actor and the critic functions
are expressed as neural network approximations.

The rest of the paper is organized as follows: Section 2 presents the system model.
Section 3 gives the conventional AC OPF optimization problem for computing dispatch
plans, which, in Section 4, is formulated as a Markov Decision Process so that it can be
solved with RL. In Section 5, we provide the proposed solution using the DDPG algorithm
and, in Section 6, we present the evaluations and comparative results. Finally, Section 7
concludes the paper.

2. System Model

In this section, we describe the considered grid and battery models. The models
are explicitly used for the conventional AC OPF problem formulation given in Section 3.
On the contrary, our proposed RL-based approach for dispatching is model-free and does
not require the exact model of the system. However, we will still use the models below to
simulate the grid behavior and compute the reward values for the RL algorithms.

We consider the more general case of a meshed distribution network that consists
of one slack bus that is the PCC of the distribution grid with the upper level grid and a
number of PQ buses. We index the slack bus by 0 and the PQ buses by positive integers.
At each PQ bus, a number of non-controllable resources and a battery can be connected.
Non-controllable resources include inflexible loads and non-curtailable RESs. Since the non-
controllable loads are uncertain, we use scenarios to model their uncertainties. In particular,
the non-controllable resources are modeled as given power values for each time and
scenario. The scenarios are used both for the scenario-based AC optimal power flow
problem formulation in Section 3 and for training our RL agent later in Section 5.

The distribution lines are modeled using the 7w model with shunt elements, which is
illustrated in Figure 1. Particularly, for line /, the longitudinal impedance is denoted as
z; = 17+ jx; and each of the two shunt capacitances is given by j%. Let Y represent the
admittance matrix of the distribution grid.

In order to model the lossy batteries, we employ the so-called resistance-line model
proposed in [5]. In detail, a battery connected to PQ bus i is replaced by (i) a virtual
PQ bus i’ that connects to bus i, (ii) the line between buses i’ and i that is considered as
purely resistive, and (iii) a lossless battery that becomes attached to the virtual bus 7’. Then,
the battery’s internal active power losses are computed as the power losses on the purely
resistive line. This modeling method is illustrated in Figure 2. Of course, with this battery
model, the number of buses in the grid model increases, i.e., for Np batteries in the grid,
the number of buses in the grid model becomes N + Ng, and the Y matrix is updated
accordingly. Finally, after replacing all batteries with their models, only the virtual buses
{N +1,.., N + Np} have a non-zero battery capacity.
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Finally, the set of scenarios is denoted as D = {1, ..., D} and the set of time indices as
K ={1,...,K}. The duration of a time interval is At.
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Figure 1. 7t model of the distribution line.

) Ideal Battery
Lossy Battery F====1 S"I H“_[,
| — | 4/
- .éﬁl AW

=3y v
Real t / , Real bus 17
cabbus Virtual bus i

Figure 2. Resistance-line model of the battery.

3. Dispatching Active Distribution Grids: AC Optimal Power Flow Formulation

In this section, we formulate the conventional scenario-based AC OPF problem for
computing an operation-ahead dispatch plan at the PCC. In particular, its solution is a
dispatch plan denoted by SP?, i.e., a sequence of complex power values (indicating either
import from or export to the main grid) over a future time horizon with length K, at the
PCC. Since the set D may be large for formulating a tractable scenario-based AC OPF
problem, we define a subset of D, denoted as Dppr and derived by scenario reduction from
D (performed similarly as in [5]), which is then used for the formulation of the scenario-
based AC OPFE. Note that D is usually in the order of thousands, whereas Dppr in the order
of tenths of scenarios.

3.1. Constraints
3.1.1. Power Flow Constraints, Vd € Dgopr, Vk € K

We apply the node injection form of the power flow equations in rectangular coor-
dinates [32] that is exact for both radial and meshed distribution grid topologies. Let
Vé(k) € CN+Nb be the complex voltage vector for scenario d and time k with length equal
to the number of buses N + Ng. Then,

Va(k) = Vi(k) +jVE, (k) 6))

where Vi (k), V2 (k) € RN*Ns are vectors consisting of the real and imaginary voltage
parts, correspondingly. Let the vector I4(k) € CNTN8 include the complex current injections
to all buses at time k and scenario d (defined similarly to the voltage vector). In addition, let
the vector $%(k) € CN+Ns include the aggregated per bus controllable and non-controllable
complex power injections for all buses at time k and scenario d. Then, the load flow
constraint for scenario 4 and time k is given by:

S4(k) = diag(V?(k)) (I (k))*
= diag (Vi (k) + jVi, (k) Y* (Vib(k) + Vi, (k))*, Yk € K, Vd € Dopr 2)

Note that S¢(k) is constant for the buses i € {1, ..., N} and controllable for the virtual
busesi € {N +1,..., N + N} (for which it represents the battery power injections) and for
the PCC, i.e., bus 0.
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3.1.2. Voltage Constraints, Vd € Dopr, Vk € K
The voltage constraints correspond to

Vio(k) =1, Vi o(k) =0 3)
diag(V)V < diag(V*(k))V¥™ (k) < diag(V)V, Vk € K, Vd € Dopr (4)

where (3) sets the slack bus voltage to the nominal value (equal to 1), and (4) expresses
lower and upper bounds on the nodal voltage magnitudes, where V,V € RN*Ns are
vectors including, respectively, the lower and upper voltage magnitude bounds for all
buses (diag(x) stands for a diagonal matrix with the elements of vector x.) Note that, for
i€ {N+1,..,N+ Ng},V, should be set very low and V; should be set very high, since we
do not impose voltage constraints on the virtual buses as they are not real buses but parts
of the battery modeling.

3.1.3. Battery Constraints Vd € Dopr, Vk € IC, Vi€ {N+1,.., N+ Ng}

Let us first introduce the following notation. SOE%,I- (k) is the battery state-of-energy
(SoE) at virtual bus i, time k and scenario d. Parameters SoEp ;, SoiEB,i are respectively the
SoE lower and upper bounds expressing the capacity limits of the battery. Finally, S Igﬂ» is
the rated power of the battery at virtual bus 7.

Then, the battery constraints are given by

SoES i(k+1) = SoE} (k) + R{S7(k)}At (5)
SoEp; < SoEf;(k) < SoEp, ©6)
(R{ST(k)} + (I (k))* - Rp,)* + (S{SF (k) })* < (S§,)? )

where /; is the (unique) virtual line connected to virtual bus i, Rp, is its resistance and
Iﬁ (k) is the current flowing through it. Equation (5) gives the state-of-energy evolution

equation for a battery at virtual bus i, for scenario d and time k. Note that SOE%,Z- (0) is given.
Constraint (6) expresses lower and upper bounds on the battery state-of-energy and (7)
bounds the battery apparent power. Finally, note that the current value is the same along
the virtual line /; since there are no shunt elements.

3.2. Objective Function
We define the following objective function:

Y Ad (Z(wﬂ%‘{sg(k)} +wy [R{SG(k)}| + w3 R{SG (k)} + w4 |S (k) — SDP(k)IIZ)) ®)
d k

which is a weighted sum of four sub-objectives with w;, i = 1,... ,4 being the non-negative
weight values. The weights {w;};_1.4 determine the relevant importance of each sub-
objective with respect to the others, i.e., if w; is higher than w;, then the sub-objective i is
more important than the sub-objective j. The objective function is further expressed as an
expected value over the scenarios with A; being the occurrence probability of scenario 4
and {Ay }4ep,,p, @ probability distribution over all scenarios, i.e., Y5 Ay = 1. The first sub-
objective aims at minimizing the reactive power at the PCC, which is essentially equivalent
to maximizing the power factor at the PCC. The second and the third sub-objectives in
combination aim at minimizing the cost of the power exchanged with the upper level grid.
In particular, for the power exported to the main grid, the price received is w3 — wp and
for the power imported from the upstream grid, the price paid is w3 + w,. The fourth
sub-objective penalizes any deviation of the realized complex power at the PCC for each
scenario from the dispatch plan value. In this work, the value of the weight wj is set higher
than the other three weight values in order to achieve our main goal, which, as explained
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earlier, is to compute a dispatch plan that, with high probability, will be followed in
real-time operation with an as small as possible incurred regulation error.

3.3. Optimization Problem Formulation and Characteristics

The non-convex scenario-based AC OPF is formulated as follows:
min (8), s.t. (2) —(7)Vk, d, i )

The problem is non-convex and the non-convexities are introduced by the nonlinear
power flow equations (2), the left part of the voltage constraint (4) as well as the apparent
battery power constraint (7).

In the following, we solve problem (9) using RL. Another possible approach would be
to use supervised machine learning as, e.g., in [33] that would however involve solving the
hard non-convex problem (9) several times during the learning phase to obtain the targets.
On the contrary, with RL, we completely avoid solving (9).

4. Definition of a Markov Decision Process for the Dispatching Problem

In order to define a Markov decision process (MDP), we need to determine its state,
action, transition function and reward. In particular, in an MDP framework the following
interaction with a stochastic environment takes place: At each time k, the current state
Xx(k) € S is observed. Then, an action a(k) € A is selected based on the policy 77 : S — A
and applied. After the application of the action and the realization of the stochastic
quantities included in d(k), the state of the environment updates to x(k + 1) following the
so-called transition function, x(k + 1) = p(x(k),a(k),d(k)) that models the environment
dynamics. The environment also produces a reward signal r(k). The objective of the MDP
framework is to determine a policy that is optimal in the sense of maximizing the expected
discounted long-term reward YK ; y*E[r(¢)], with y € [0,1] being the discount factor.

In order to solve the optimization problem (9) using RL, we first write an MDP related
to it, i.e., we determine the state and actions as well as the transition function and the
rewards. One possible way to define such an MDP is to consider as action the full dispatch
plan over a whole day;, i.e., to set the action as K complex power values at the PCC, one
for each time interval. However, this would require a large action space, which in turn
would imply curse of dimensionality effects [34]. To avoid this, we formulate an MDP that
considers a single time interval and outputs the dispatched complex power at the PCC
only for this time interval. The challenge with this approach is that the state should include
the system feedback from the action decided in the previous time interval based on the
uncertainty realization. However, we do not have this feedback as the dispatch plan values
are not applied in the system when computed but only the following day. In other words,
the challenge is that we need to design an open loop policy to choose a(k) for all k € K when
knowing only the initial state x(0) and not knowing {x(1), x(2), ..., x(K—1)}. To do so,
we need to estimate the feedback for each agent’s action based on forecasts of the uncertain
quantities. There are a few preliminary approaches that tackle this issue, e.g., [27-29]
that use distance metrics and Monte Carlo to estimate {x(1), x(2),...,x(K—1)}. We will
detail more on this estimation when describing the transition function below. First, we will
describe the states and action spaces. We use the same notation as in Section 3 but without
the scenario index.

4.1. Definition of the State

For every time interval, the current system state is observed and based on its value,
a set of actions is decided. The system state at the beginning of each time interval k:
[kAt, (k + 1)At] is denoted as x (k) and consists of (i) the states-of-energy of all batteries,
{SoEg,i(k) }vi=N+1:N+N;; (i) the estimated values, {S;(k)}i—1.n, for each uncontrollable
load as well as for the distributed RESs for the time interval k; (iii) the voltage values for
all buses; (iv) the actual active and reactive power at the PCC; and (v) the time interval
index. However, the bus voltages and the actual power at the PCC for the time interval k
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are unknown at the beginning of the time interval k and are only revealed after the actions
for k have been performed. Thus, in the state, we take into account their values from the
previous time interval, i.e., those that occurred as a result of the (estimated) prosumption
values {S;(k — 1) };—1.n and the actions a(k — 1) of the previous decision step.

Therefore, for each time interval k, the state is defined as follows:

x(k) = {{SoEp,i(k) }yi=Nt1:Np, V(k = 1),{S;(k) }i=1.n, So(k — 1), k} (10)

Note that including the time interval index in the state is important as the action
(dispatch plan) refers to a particular time interval and the same state inputs but for different
time intervals may lead to different actions.

4.2. Definition of the Action

At the beginning of the time interval k, after observing the state x(k), a set of actions
is taken that consists of (i) the active and reactive dispatch plan power values at the PCC
and (ii) the charging or discharging power of the batteries. Therefore, at each time interval
k, the following set of actions is decided:

a(k) = {SP"(k), {Si(k) }imnt1:N N5 } (11)
where SPP (k) includes the active and reactive dispatch at the PCC at time k.

4.3. Transition Function

The state transition function gives the new system state after the action a(k) is applied
and the uncertainty d(k) is revealed. It includes the physical equations of the grid (i.e.,
the power flow Equation (2)) and the battery SoE evolution equation (i.e., (5)). However,
for the day-ahead dispatching, as we have already mentioned, it is not possible to directly
observe the real state of the distribution network after applying the action, i.e., the dis-
patched power at the PCC for a single time interval k. Since the dispatch plan is calculated
day-ahead based only on the initial state of the system, the system states of all subsequent
time intervals must be estimated. For this purpose, the transition function that leads from
one state to the next is actually a process that is based on a load flow calculation using
estimated prosumption values (e.g., forecasts). Figure 3 illustrates the process of estimating
the state for the time interval k + 1 based on the state and the actions for time k.

In particular, after the decision-making, random noise is added to the actions for
exploration purposes and are forwarded to the simulated grid. Prior to this, random
noise is also added to the renewable energy values in {S;(k) };—1.y to simulate uncertainty.
Let us denote the obtained action and non-controllable estimated prosumption after the
random noise is added as d(k) and {S;(k)};—1.n, correspondingly. Then, a simple load
flow calculation is performed with the power injections {S;(k) }i—1.n-n; as inputs and the
estimated bus voltages V (k) as well as the estimated realized power at the PCC Sy(k) as
outputs. Those estimated values are then part of the new system state x (k + 1) and are also
used in the reward function (12) (introduced in the next section). In addition, the SoE of the
batteries must be updated based on the batteries active power values {R{S;(k)}}i—1.n+ N
and the battery SoE evolution equation (i.e., (5)). The updated system state is then given
by x(k+1) = {{SoEp(k + 1) }vi=n+1:N+Np, V(K), {Si(k + 1) }ic1n, So (k) k + 1}, e, it
consists of the estimated batteries SoE values, the estimated bus voltages, the estimated
PCC power as well as the estimated values, (e.g., forecasts) of the non-controllable loads
for the next time interval.
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Figure 3. Transition function from one state to the next and inputs for computing the reward.

4.4. Reward Function

The reward function at time interval k is defined as:

r(x(k+1),a(k)) = — [wll%‘{so(k)}l + w2 [R{So(K)}| + wsR{So (k) } + w4 [So (k) — SPF (k) ||?

+wr- ) [R{Si(k)}

N
+ws - Y max{V? — Vi(k)V; (K); 0; Vi(k)V;' (k) — V; }
i=1

N+Np

+we- Y. max{ (R{S;(K)} + (1,i(Kk))* - Ru, )2 + (3{S;(K)})2 = (S ) 0}

i=N+1

N+Np
1 (12)

i=N+1

In particular, it is constructed by (i) the opposite of the time-step cost as defined in (8),

(ii) a penalty term for the violation of the voltage constraints in (4), weighted by ws > 0, (iii)
a penalty term for the violation of the battery apparent power constraint in (7), weighted
by we > 0 and (iv) a penalty term for the battery cycling operation, weighted by w; > 0.
The inputs for computing the reward are illustrated in Figure 3. Note that an RL-based
scheme cannot account for hard constraints, but it can be encouraged to satisfy the hard
constraints by including them as penalties in the reward function. Thus, here we will
encourage our RL-agent (presented in Section 5) to satisfy the hard voltage and battery
apparent constraints by including penalties for each of them. However, learning provides
no guarantees; therefore, constraints violations might still (rarely) occur. Due to this reason,
we introduce a back up controller in Section 5.

5. Proposed Solution Using Reinforcement Learning

RL-algorithms are mainly based on computing approximations of the action-value

function (Q-function) for finding the optimal policy. The Q-function is defined as the
expected discounted long term reward when taking action a in state x and following policy
7T afterwards, i.e.,

Q"(x,a) =E[G(Kk) | x(k) = x,a(k) = a] (13)
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where G(k) is the expected discounted long term reward at time k (i.e., G(k) =
Tk v Elr(x (¢ +1),a(0))).

5.1. Solving the MDP with the DDPG Algorithm

Algorithm 1 describes the off-policy, model-free DDPG RL algorithm [31] that trains
an RL agent so as to solve the MDP of Section 4. In Algorithm 1, Qy(x, a) (with parameter
6) stands for the Neural Network (NN) called the critic network that approximates the
Q-function (i.e., (13)) and py(x) (with parameter ¢) stands for the NN called the policy
network that approximates the policy. Algorithm 1 includes the two main enhancements
that are typical in all DDPG-style algorithms, namely, (i) the experience replay used to
alleviate any correlation effects that learning only via sequential data brings [35], and (ii)
the target networks used to encourage learning stability. In detail, with experience replay,
we store past transitions in a so-called replay buffer (here denoted as B) and, in order to
update the Q-network, we use a minibatch of transitions randomly sampled from B instead
of the single most recent transition. For the target networks, we use two types: the target
critic Qgtarg, with parameter 6targ, and the target actor Heprarg s with parameter ¢targ. Their
parameters are updated towards the parameters of the original networks, as follows:

Gtarg — 710 =+ (1 — T)etarg
<Ptarg — TP+ (1 - T)‘Ptarg
where T < 1 is called the soft update coefficient.

At the end of time interval k, i.e., after the state has been observed, the agent’s action
applied and the next state and reward estimated, we update the replay buffer by storing in
it the transition (x(k),a(k),r(k), x(k+1)).

In summary, the main steps of Algorithm 1 are as follows: First, the actor and critic
networks as well as the target networks and the replay buffer are initialized (lines 1-3).
Then, the algorithm iterates over several historical or forecast scenarios of the prosumption
loads. In each iteration, the initial system state is observed first (line 6) and then the
following process is performed for all time intervals of the day: The agent selects actions
(planned dispatched complex power at PCC and battery active and reactive power) based
on the current policy. As seen in line 8, noise for exploration is added after the actor has
chosen the actions. In line 9, the battery charging or discharging power is corrected to
ensure that batteries are not charged or discharged further if they are already full or empty,
correspondingly. This is accomplished by simply taking the minimum of the selected action
and the maximum possible charging or discharging power. This correction is formulated
as follows and applied fori = N+1: N 4+ Np:

(14)

min(%{si(k)},W), R{S:(k)} >0

L (15)
max (R{S:(k)}, 2200 o(5,(0)} < 0

R{Si(k)} = {

Before performing the load flow calculation to receive the new state and the reward,
noise is added to the prosumption values to simulate uncertainties (line 10). The results of
the load flow calculation describe the new system state and determine the reward (line 11).
The derived four-tuple, namely state, action, reward and next state is stored in the replay
buffer (line 12). Hereafter, the learning process begins, where first a minibatch of four-tuples
is sampled from the replay buffer (line 13) and then the actor and critic parameters are
updated (lines 14-16). Finally, the target networks are updated (line 17).
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Algorithm 1: DDPG algorithm

1 Inputs: Initial values for the policy parameters ¢, for the Q-function parameters 6,
and for the soft update coefficient T < 1. Set of training scenarios D. Initialize
critic Qg (x, @) and actor p(x) networks with weights 6 and ¢, respectively.

2 Initialize target networks ngg and Heprarg with weights 014r¢ < 0, Ptarg < ¢

3 Initialize replay buffer B as empty.
4 ford=1,..,Ddo

5 Initialize a random process NV for adding noise.

6 | Observe initial state x(1).

7 fork=1,..,Kdo

8 Sample noise ¢ from V. Select action a(k) = py(x(k)) + o according to the
current policy.

9 Correct battery actions {Sfl(k) }i=N+1:N+ N, using (15) if necessary.

10 Sample noise from A/ for each prosumption value in {S%(k)};_1.y and add
it to the prosumption value.

11 Simulate the grid and run a load flow with injections in a(k) and the
perturbed {S7(k) };—1.n. Calculate the reward (k) and the new state
x(k+1).

12 Store transition (x(k), a(k),r(k), x(k+1)) in B.

13 Sample a random minibatch of B transitions ( Xijraj, i, )(;) from B.

14 Set yj = 1j + Qe ( )(;-, Hiprarg ( X;)) for all transitions j in the minibatch.

15 Update critic by minimizing the loss: L = & L (W — Qoye (X aj))>.

16 Update actor using the sampled policy gradient:

1
V] = 3 ZVuQe(X,ﬂﬂX:Xj,a:MWX (X/-)ch#(p()() |x;
]

17 Update target networks:

Gtarg — 10+ (1 — T)thg

(Pturg — TP+ (1 - T>¢targ
18 end
19 end

5.2. Generating the Day-Ahead Dispatch Plan

Algorithm 1 outputs a trained DDPG agent that gives the planned dispatched power
at the PCC for a particular time interval k. However, we want to compute the dispatch
plan over all K time intervals of the following day. To do so, we use the agent trained
by Algorithm 1 as well as forecast scenarios for the prosumption at the buses following
the process detailed in Algorithm 2. The set of prosumption forecast scenarios used in
Algorithm 2 is denoted as Dy, and is different and usually much smaller than D that is
used for training. Note that Algorithm 2 does not train the RL agent, so Dy, can be as
small as desired. Usually, it contains the forecast scenarios that we have available for the
day for which we compute the dispatch plan. In particular, for every time interval (in X)
and every scenario (in Dy,,), Algorithm 2 calls the trained DDPG agent including in the
inputs the forecasted prosumption for the particular time interval and scenario and obtains
the planned dispatched power for this particular time and scenario (line 4). Afterwards, it
estimates the state for the next time interval, using the transition function given in Section 4
but without adding noise. After repeating the process for all scenarios, the dispatch plan
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value for each time interval is obtained as a weighted average over the planned dispatched
power values for all scenarios (line 11), i.e.,

o ZdEDduy AgaySDP,d (k)

SPP(k) = (16)
) D
where /\g ay 18 the probability of occurrence of the prosumption forecast scenario d € Dy,
with Y yep oy Ag w = L In our case, all scenarios were assumed to be equally likely, so
Ad = 1
day ‘Dduy| ’

The process of Algorithm 2 is very fast, i.e., the calculation of the dispatch plan for
a scenario can be achieved in less than a couple of seconds. Therefore, we can consider
hundreds of prosumption scenarios for the calculation of the dispatch plan, which is
not possible for traditional scenario-based optimization techniques such as CoDistFlow.
Indeed, this is a major advantage of using RL, compared to previous approaches such as
the CoDistFlow algorithm.

Algorithm 2: Generating the Dispatch Plan

1 Inputs: Dispatch plan horizon K, prosumption forecasts at all buses {S¢(k)};—1.x
for each scenario d € Dy, and time interval k € K, trained DDPG agent

2 ford =1,...,|Dygy| do
3 Observe state x(1)
4 for k=1,...,.K do
5 a(k) < {SPPA(k), {S?(k) }i=n+1:N+n; } selected actions based on the
current state, x (k), using the trained DDPG agent
6 Correct battery actions {Sfl(k) }i=N+1:N4nN, } using (15) if necessary
7 Compute the new battery state SoE‘éli(k +1) = SoE‘é,i(k) + R{S4(k)} At
8 Run a load flow calculation with injections {S¢ (k) }i—1.n 4, to get V¥ (k) as
well as Sd (k)
9 Compute the next state x(k + 1) using the transition process described in
Section 4 but without adding noise
10 Store the actions R{SPP4 (k)} and S{SPP4(k)}
1 end
12 end

13 For each k, calculate the average of R{SPP4(k)} and I{SP"4(k)} over all d to
obtain the final DP, SP?, using (16).
14 Output: SPP

In the numerical evaluations, we will study how Algorithm 2 performs when the
prosumption forecast scenarios in D, differ significantly from those used for training the
DDPG agent in Algorithm 1 (i.e., D).

6. Evaluation Results and Comparisons

In this section, we evaluate the performance of Algorithm 2 and compare it with
CoDistFlow [5] that directly solves the scenario-based optimization problem (9).

6.1. Distribution Grid

For the evaluations, we use the 34-bus distribution grid (including the PCC) shown
in Figure 4, which is the same as the one used for the experiments in [5,18]. The bus 0
is the PCC and connects the distribution grid to the upper level grid. At the remaining
buses, loads, as well as one PV and one battery are connected. Specifically, the battery is
connected at bus 1 and is replaced by the battery model explained in Section 2. Table 1 lists
the grid parameter values for the 34-bus grid.
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Figure 4. Diagram of the 34-bus grid. The blue arrows indicate connected loads.

Table 1. Grid parameters for the 34-bus grid.

Description Value Unit
Base power (3-phase) 25 MW
Base voltage (3-phase) 21 kv
Battery capacity 6 MWh
Battery apparent power limit 6 MW
Initial battery SoE 33 %
max (magnitude) line impedance (0.34 +j0.24) Q
min (magnitude) line impedance (0.025 +0.01) Q
max/min shunt capacitance 200.15/6.73 i
resistance of the virtual battery line 0.017 Q

The setting in Figure 4 is capable of enabling grid operation without voltage constraints
violations, i.e., there exists decisions on the battery power and the dispatched power at the
PCC that are feasible with respect to the voltage constraints (with such decisions, the fifth
term of the reward function in (12) will be zero). The RL agent will learn to choose such
decisions, as violations of the voltage constraints at any of the buses will lead to low reward
values due to the penalty term weighted by ws.

6.2. Training Data

We have trained the RL agent using thousands of scenarios. (We assume the training
data as given and studying different ways of constructing them is out of the scope of
this work.) Each scenario consists of time series of power injections at all buses, i.e., of
the loads and the PV generation at all buses over K time intervals. The PV generation
time-series are constructed with random variations around an exemplary PV generation
time series of a summer day via Monte Carlo. The load time series are similarly constructed
via Monte Carlo variations around given consumption time series. Examples of the PV
and consumption time series that constitute the scenarios are shown in Figures 5 and 6,
correspondingly.
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Figure 5. Examples of PV generation time series used for the construction of the training scenarios
for the RL agent.
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Figure 6. Examples of consumption time series used for the construction of the training scenarios for
the RL agent.
6.3. Training of the RL Agent and Dispatch Plan Evaluation

We have trained the RL agent (Algorithm 1) with the settings listed in Table 2. The
learning and neural network parameters are obtained via experimentation. The weights
in the reward function are set as follows: w; = 100, w, = 1, w3 = 1, wy = 3000, ws = 1,
We — 1, w7y = 100.

Table 2. Training parameters for Algorithm 1.

Descripotion Value

D 30,000 scenarios
Actor learning rate 0.00001

Critic learning rate 0.0001

Discount factor (7y) 0.99

Target soft-update parameter (7) 0.001

Actor neural network number of layers 2

Critic neural network number of layers 3

Neural networks hidden layer size 128

Activation function ReLu

Batch size for learning
K
At

2048 scenarios
96 time intervals
15 min
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After training the agent, we have used Monte Carlo to construct 80 scenarios of
similar shape (but not identical) to the ones used for training and we used them as input
(D4ay) to Algorithm 2 for the computation of the dispatch plan. According to Algorithm 2,
the final dispatch plan derives as a per time interval average of the 80 dispatch plans
created based on the 80 scenarios and the trained RL agent. Figure 7 shows the obtained
dispatch plan in comparison with the dispatch plan given by CoDistFlow. The two dispatch
plans are very close to each other. However, Algorithm 2 is much faster than CoDistFlow.
In particular, computing a dispatch plan with 80 scenarios and Algorithm 2 takes less than
2 min, whereas, with CoDistFlow, it takes around 5 times more (around 9 min) [18]. In
addition, note that the RL agent is trained with thousands of historical scenarios on the
uncertainty which cannot be considered with scenario-based optimization.

2000

RL-based Algorithm

~8000 CoDistFLow I I I

16 +
17
18
19
20

Time |[hour|

Figure 7. Dispatch plan obtained by Algorithm 2 with 80 scenarios as an input (i.e., in Dygy).

For better comparison purposes, we have applied a real-time controller with the goal
to control the battery power so as to follow the dispatch plan at the PCC during network
operation while the realization of the uncertain prosumption is revealing. To do so, it solves
the following optimization problem at each time :

. 2
min HSo(k) - SDP(k)H (17)
s.t.:(2) = (7) Vi (18)

The objective function expresses the error for not following the dispatch plan. This
problem has the same constraint set as (9), but it considers a single time interval (k) and a
single scenario that corresponds to the realized prosumption (consumption loads and PV
generation). SPP (k) is given as an output of Algorithm 2 and thus it is not an optimization
variable. Problem (19) is non-convex and we apply the CoDistFlow method of [5] to solve
it. Note that we use this real-time controller just for evaluation purposes and we do not
propose any new design for the real-time control. As in [5] and [18], we use the daily
dispatch plan tracking error to assess the quality of the computed dispatch plan. It is defined
as follows:

Mg = At f Hso(k) - SDP(k)H (19)
k=1

i.e., as the daily sum of the absolute differences of the dispatched power and the realized
power at the PCC multiplied by the time interval duration (At). Hence, lower values
indicate better performance. We have tested the dispatch plan obtained by Algorithm 2
against different prosumption realization scenarios and computed the Mp for each one of
them. Two different sets of prosumption realization scenarios are created via Monte Carlo
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and tested; one derived by multiplying each value of the scenarios in Dy, by a different
random factor between 0.9 and 1.1, and the second derived similarly but with using random
factors between 0.95 and 1.05. Figure 8 shows the histogram of the My values. We observe
that the mismatch is very low for most of the scenarios, indicating that the dispatch plan
could be generally followed in real time. Comparing the histogram with the results of
CoDistFlow in Figure 9e of [5], it becomes clear that the RL algorithm achieves a similar
quality. Figure 9 indicates the few time intervals during which the algorithm is unable to
follow the dispatch plan by showing the My values for all time intervals averaged over all
scenarios. In detail, the dispatch plan cannot be accurately followed at around 4:00 p.m.,
which is the time when the PV production is decreasing. Furthermore, Figure 9 shows
that the different scaling factors do not have much influence on the overall quality of the
dispatch plan.
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Figure 8. Histogram of My values for all prosumption realization scenarios.
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Figure 9. Average My value over all scenarios for all time intervals.

6.4. Testing the Trained Agent with Input Data That Diverge from Those Used for Training

In this section, we study the performance of the trained RL agent of Section 6.3 (as
produced by Algorithm 1) in computing dispatch plans for scenario sets Dy, that diverge
from those used for training in D. In particular, we examined two cases, namely, (i) shifting
the PV generation time series backwards and forwards in time by one hour, and (ii) up and
down-scaling the PV generation time series by 20%.

Note that, when having an RL agent trained with day-ahead PV forecasts, errors in
the realized PV generation compared to the forecasts are expected and a deviation order
up to 20% can be considered realistic (see Figure 10 of [36]). Shifting the PV generation
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time series by one hour can introduce errors of more than 20% for several time intervals,
e.g., in the early morning and late afternoon hours (see Figure 5), so it accounts for enough
deviation from the training data and therefore we did not study shifting for more hours.

6.4.1. Time Shift of the PV Generation Time Series

First, the PV generation time series that were part of the 80 scenarios used in Section 6.3
to compute the dispatch plan are shifted backwards by one hour (Here, with backwards,
we mean e.g., from 12:00 to 11:00 and forwards vice versa.) The new scenarios are given
again as input to Algorithm 2, and a new dispatch plan is produced. The same procedure
is repeated when shifting the PV generation time series by one hour forwards. The new
dispatch plans are depicted in Figure 10 from which it can be observed that the agent is able
to track the time shift in the prosumption scenarios and adapt accordingly the produced
dispatch plan. We also computed the My values for each new dispatch plan, the histograms
of which are shown in Figures 11 and 12. The daily dispatch plan tracking errors are in
general very low, and the performance of the agent is of similar quality as in the original
case in Section 6.3. Thus, we can conclude that the RL agent is able to handle input data
that are time shifted compared to the training data.

T T T T T
2000
0+
Z 2000
_
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g
2 -4000 -
/
-6000 - le 18 ]
Original PV Data
Shifted Backwards
8000 Shifted Forwards RN
ﬁmmw:ﬂo@b-oocsﬁiﬁfjﬂfioﬁﬁggggﬁ

Time [hour]

Figure 10. Dispatch plan with shifted PV generation time series forwards and backwards.
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Figure 11. Histogram with PV generation time series shifted backwards by one hour.

6.4.2. Scaling of the PV Generation Time Series

First, the PV generation time series included in the 80 scenarios used in Section 6.3
to compute the dispatch plan are scaled by a factor of 0.8, i.e., the magnitude of the PV
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generation time series has been reduced by 20% (scaled down). The new scenarios are
given as input to Algorithm 2, and a new dispatch plan is produced. The same procedure
is repeated when scaling the PV generation time series by a factor of 1.2, i.e., increasing the
PV generation magnitude by 20% (scaled up).
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Figure 12. Histogram with PV generation time series shifted forwards by one hour.

The new dispatch plans are depicted in Figure 13. We also computed the My values for
each new dispatch plan, the histograms of which are shown in Figures 14 and 15. While the
performance of the RL agent is satisfactory when the PV generation time series are scaled
down (i.e., their magnitude is decreased by 20%), as observed in Figure 14, the trained agent
is no longer able to create a correct dispatch plan when the PV scenarios are scaled by a
factor of 1.2 as concluded from the increased My values in Figure 15. To analyze this result,
we show the average My values over time in Figure 16 for the increased PV generation. We
can observe that the My values are significantly higher than those in Figure 9 starting from
12:00 p.m. up to around 5:00 p.m., which coincides with half of the period of higher than
expected PV generation. This is caused by the fact that, after noon, the battery is already
fully charged and cannot absorb the non-expected surplus energy from the PV. This already
occurs in the case shown in Figure 9 but in much smaller scale than in Figure 16.
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Figure 13. Dispatch plan with scaled PV generation time series.
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Figure 14. Histogram with PV time series magnitude decreased by 20%.
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Figure 15. Histogram with PV time series magnitude increased by 20%.

200

uy
w
o

Energy [kWh]

u
o

12 16 20 24
Time [h]

Figure 16. Average Mg over time with PV scenarios scaled up by a factor of 1.2.

6.4.3. Training a New RL Agent with Scaled PV Generation Time Series

To solve the issue raised in Section 6.4.2, we train a new agent using both the original
scenarios and the scaled ones. The training parameters (Table 2) and the weight values in
the reward function are kept the same as in the previous simulations. In particular, the PV
generation time series used for training are shown in Figure 17 and are derived by scaling
the PV generation time series of Figure 5 with a random factor between 0.5 and 1.5.
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Figure 17. PV generation time series scaled with a random factor between 0.5 and 1.5.

With the newly trained agent, we again computed the dispatch plans when increas-
ing/decreasing the magnitude of the PV generation time series by 20% as in Section 6.4.2,
which are depicted in Figure 18. Then, the dispatch plans were evaluated with the real-
time controller to obtain the histograms of the daily dispatch plan tracking errors Mg.
Figures 19 and 20 show the histograms of the the My values for PV generation scaled by a
factor of 0.8 and a factor of 1.2, respectively. As it can be seen, the newly trained agent is
now able to create accurate dispatch plans (the My values are very small) also for the case
when the PV generation is increased by a factor of 1.2. If comparing the dispatch plans for
the increased PV generation in Figures 13 and 18, we can observe that the one using the
newly trained agent, i.e., shown in Figure 18, exports more power to the main grid than the
previously trained agent (i.e., it reaches values much lower than —8 MWh, which is the
lowest power exported by the dispatch plan in Figure 13). Thus, it accounts for the extra
PV generation and plans to export it to the main grid since the battery cannot handle extra
charging. On the contrary the dispatch plans for the scaled down PV generation are very
similar in both cases. Thus, when training with diverse PV trajectory shapes, the RL agent
adapts satisfactorily in a larger range of PV input data compared to training with a single
PV trajectory shape.
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Figure 18. Dispatch plan with scaled PV generation time series and re-trained RL agent.
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Figure 19. Histogram of My values for PV generation decreased by a factor of 0.8 and re-trained
RL agent.
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Figure 20. Histogram of My values for PV generation increased by a factor of 1.2 and re-trained
RL agent.

7. Discussion

In this paper, we presented a novel RL-based algorithm for computing dispatch
plans in a distribution grid with RESs and batteries. The proposed algorithm works
iteratively and calls a trained RL agent at every iteration. The feedback provided to the
agent is appropriately estimated to allow for an open loop application. The numerical
evaluations and comparisons with the conventional scenario-based optimization approach
show the effectiveness of our algorithm in solving the dispatching problem. In particular,
the computed dispatch plan is similar to the dispatch plan obtained by scenario-based
optimization, but our algorithm is computationally significantly more efficient.

Regarding deviations of the realized PV generation from the training data for certain
points in time, we can make the following two conclusions based on our simulation results.
First, if the deviation is due to shifting, i.e., the deviation is compensated in the other
direction at another point in time, then the trained RL agent will be able to handle it. If it
is due to up-scaling so that the PV generation is higher than expected at certain points in
time but not less than expected at every other point, then re-training the RL agent will
be required.

Due to its computation speed and possibility to adapt to unseen input data in some
cases, we believe that our proposed scheme will be very useful also for faster scales of
computing dispatch plans with updated forecasts, e.g., intra-day over minutes. In such time
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scales, it is not always possible to apply the conventional optimization-based approaches
that impose computation time limitations [18].

One issue of the applied DDPG algorithm relates to the stability of the obtained trained
RL agent in terms of quality. More specifically, using the DDPG algorithm to train several
RL agents with the same parameters and training data might lead to trained RL agents
that produce dispatch plans of different quality. In this work, to tackle this issue, we have
trained several RL agents with the same parameters and training data in parallel and
chosen the one giving the best dispatch plans among them. In our future work, we will
investigate the use of other RL algorithms such as the soft actor critic (SAC) [37] that are
developed with the aim to solve the stability issues of the DDPG algorithm.
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