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Abstract——Distribution networks have been experiencing sig‐
nificant changes under the pressure of the energy transition. 
The high integration of renewable energy sources combined 
with the electrification process introduces new challenges in 
managing distribution networks. Innovative solutions aimed at 
optimizing the control of complex problems, starting from his‐
torical data instead of a detailed system model, have been grow‐
ing due to rapid development in artificial intelligence and ma‐
chine learning. This paper proposes a Q-learning algorithm to 
control the tap setting of the on-load tap changer installed in 
primary substation transformers. The ultimate goal is to main‐
tain voltage magnitudes at all busses of the medium-voltage dis‐
tribution network within a safe range, simultaneously optimiz‐
ing on-load tap changer operations. As a case study, the effec‐
tiveness of the proposed algorithm is assessed using a real medi‐
um-voltage distribution network with high penetration of renew‐
able energy sources that supplies more than 2500 users/prosum‐
ers. The ability of the proposed algorithm to control bus voltag‐
es is tested in several scenarios characterized by significant vari‐
ability and uncertainty. Outcomes show that the proposed algo‐
rithm is suitable for optimizing voltage control in distribution 
networks using a data-driven approach.

Index Terms——Automatic voltage control, on-load tap chang‐
er, distribution network, renewable energy source, energy tran‐
sition, reinforcement learning, artificial intelligence, smart grid.

I. INTRODUCTION

THE energy transition is driving profound changes with‐
in power distribution networks. Massive integration of 

renewable energy sources (RESs) combined with electrifica‐
tion of consumption introduces new challenges in managing 
distribution networks. A medium-voltage (MV) distribution 
network typically has a radial topology with several feeders 
departing from the secondary busbar of the high-voltage 
(HV)/MV transformer. Compared with the HV grid, the volt‐
ages of distribution networks are also influenced by active 
power injections due to a higher resistance/reactance ratio of 
the lines. The distribution system operator (DSO) usually 
maintains the voltage magnitudes along the feeders within 
the admissible range, controlling the on-load tap changer 
(OLTC) transformer installed in the primary substation. In 
regular operation, the OLTC behaves as an automatic volt‐
age regulator (AVR) based on the voltage measurement at 
the secondary busbar of the transformer [1]. Unareti, one of 
the leading Italian DSOs, traditionally acts similarly: when 
the voltage deviation at the secondary busbar of HV/MV 
transformer exceeds ±2.5% of the system nominal voltage, 
the AVR changes the OLTC position to control the voltage 
level.

The AVR set point is commonly set to comply with the 
voltage fluctuations in the transmission network and compen‐
sate for the voltage drop at the end of the lines. The control 
voltage typically ranges between 10% and 20% of the rated 
voltage at the MV busbar of the substation transformer. The 
widespread installation of distributed generation (DG) units 
and the increase in electricity demand can affect the quality 
of the voltage regulation control: the presence of DG alters 
the conventional structure of the network and causes inhomo‐
geneity of generation/load profiles among the different feed‐
ers.

In recent years, many studies have developed algorithms 
to handle voltage regulation issues. In the majority of sug‐
gested approaches, however, the optimal control solution is 
to solve the optimal power flow (OPF) problem [2]-[4].Sev‐
eral models and algorithms are proposed, including mixed-in‐
teger nonlinear programming, quadratic programming, Theve‐
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nin equivalent-based and recursive approaches, primal-dual 
decomposition, particle swarm optimization, forward/back 
ward sweep algorithm and others.

OPF models rely on accurate and complete network mod‐
els, which is not always practical for the sizeable intercon‐
nected power systems nowadays with increasing complexity. 
Moreover, the lack of widespread real-time measurements 
that still exist in real distribution networks is another prob‐
lem, which prevents their usage in real-world applications. 
In addition, OPF model usually cannot be used to make 
speedy decisions since it needs to solve a sizeable non-linear 
optimization problem through many iterations. The above-
discussed criticalities can be addressed using a data-driven 
approach. Recently, developments in artificial intelligence 
(AI) and machine learning (ML) techniques have inspired 
new solutions where the control of complex problems is opti‐
mized by starting from historical data instead of a detailed 
system model. Within ML techniques, reinforcement learning 
(RL) has an outstanding potential to solve distribution net‐
work problems, since it can learn to make decisions by inter‐
acting with an environment to maximize cumulative reward. 
This paper exploits Q-learning algorithms, which enable 
agents to learn optional action-selection policies by iterative‐
ly updating Q-values, representing the expected cumulative 
rewards for taking a specific action in a given state.

The very first paper presenting an RL approach to control 
voltage magnitudes was published in 2004 [5]. The control 
variables are three tap changers and one switched capacitor. 
The optimal configuration of each controlling device has 
been obtained through a Q-learning algorithm, in which the 
set of possible actions is intrinsically finite, and the network 
states have been discretized. In [6], a Q-learning approach is 
proposed to manage the OLTC installed at the primary sub‐
station, using a large Brazilian MV/low-voltage (LV) net‐
work with high photovoltaic (PV) penetration as a case 
study. To make the application of a Q-table possible, the set 
of states refers to a few critical customers whose voltage 
magnitudes have been converted into discrete intervals. 
Whereas Q-learning algorithms work effectively to regulate 
OLTC equipment, artificial neural networks (ANNs) are es‐
sential to deal with reactive power control devices. An in‐
creasing share of literature articles proposes deep learning 
(DL) techniques to manage the reactive and active power of 
inverter-based DG units. In [7], the agent learns optimal set 
points of reactive power with a deep deterministic policy gra‐
dient (DDPG) method to minimize voltage deviations, PV ac‐
tive power curtailment, and power system losses simultane‐
ously. On the other side, a deep Q network (DQN) algo‐
rithm, an evolution of Q-learning that implements ANNs, is 
proposed to control generator set points in [8]. After offline 
training, whenever the agent detects abnormal conditions in 
real time, it suggests some control actions to human opera‐
tors, who will assess the value of the response and decide if 
it should be implemented. A comparison between the perfor‐
mances of the DQN and DDPG for voltage regulation of 
generator is given by [9]. The DDPG agent, which controls 
actions defined in a continuous space, achieves better perfor‐
mances than the DQN agent, based on a discrete action 

space. Reference [10] proposes a multiagent DDPG to regu‐
late voltage set points of generator groups partitioned in dif‐
ferent regional zones. Each agent will optimize actions in a 
specific zone according to local measurements after a train‐
ing phase requiring a centralized communication network. In 
[11] - [13], voltage regulation is jointly achieved using reac‐
tive power control of DG units and static var compensators 
(SVCs). Reference [11] exploits a DDPG model. The rela‐
tionship between the power injection and voltage fluctuation 
at the busses is retrieved in a supervised manner from histor‐
ical data, instead of using a system model to run power 
flows. Reference [12] implements a soft-actor-critic (SAC) 
agent to perform the automatic voltage regulation, while in 
[13], a multiagent DDPG is used to control different por‐
tions of the network based on the latest local information. 
There are also studies based on deep RL models aimed at 
driving OLTC operations, as standalone control systems or 
in combination with other devices. A policy for optimal tap 
settings in the presence of one or more transformers is 
shown in [14], where a scheme based on linear function ap‐
proximation called least square policy iteration (LSPI) has 
been used. The SAC agent of [15] selects the tap position of 
controllable tap changers and switches on/off capacitors si‐
multaneously to minimize voltage deviation, losses, and un‐
needed switches. An application of OLTC tap control, opti‐
mized together with the DG units output, is presented in 
[16]. A DDPG scheme is proposed to minimize voltage devi‐
ation and active power curtailment, simultaneously reducing 
the wear of the tap mechanism. A couple of works [17], [18] 
discuss RL frameworks based on a two-timescale voltage 
control. On the slower timescale, shunt capacitors are config‐
ured in on/off state, while on the faster timescale, the genera‐
tor power is regulated to minimize instantaneous voltage de‐
viations, and the state of charge of battery energy storage 
systems (BESSs) is optimized [18]. In [17], a DQN algo‐
rithm is used within both timescale regulations, whereas in 
[18], DQN is used only for switched capacitors; while for 
DG and BESS outputs, DDPG is exploited.

This paper proposes a Q-learning algorithm to control the 
OLTC installed in primary substation transformers. The ulti‐
mate objective is to eliminate voltage issues within the en‐
tire distribution network, minimizing unnecessary OLTC tap 
switches simultaneously. The data-driven AVR will learn to 
master the OLTC operations accounting on a restricted num‐
ber of measured voltages. To further increase the reliability 
of the control system, the voltage regulator learns to main‐
tain bus voltages within a narrower band of admissible val‐
ues during the training process. The effectiveness of the pro‐
posed algorithm is tested in two scenarios with different val‐
ues of both demand and generation, characterized by signifi‐
cant variability and uncertainty, using the real three-phase 
MV distribution network of a primary substation in Vobarno, 
managed by the local DSO, Unareti.

The contribution of this paper can be summarized as fol‐
lows.

1) RL is used to solve distribution network issues control‐
ling OLTC installed in primary substation transformers.

2) A sensitivity analysis of the RL hyperparameters is con‐
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ducted, both in training and testing, to minimize the reward 
function.

3) The proposed algorithm is tested on a real distribution 
network with high penetration of RESs in the current and fu‐
ture scenarios, considering the increasing DGs and electrifi‐
cation of consumption.

The remainder of this paper is organized as follows. Sec‐
tion II briefly reports the theoretical background of Q-learn‐
ing algorithm. Section III presents the problem formulation 
of the OLTC control, while Section IV shows the sensitivity 
analysis of RL hyperparameters. Section V presents the case 
study and numerical results obtained, where the proposed al‐
gorithm is compared with traditional control strategy. Con‐
cluding remarks and future work are given in Section VI.

II. THEORETICAL BACKGROUND OF Q-LEARNING 
ALGORITHM 

RL is one of the three main ML subsets, together with su‐
pervised learning and unsupervised learning. In RL, the con‐
trol system learns how to act to maximize a numerical re‐
ward [19]. The learner discovers optimal actions through a 
trial-and-error search to obtain the largest reward in the long 
run. The main advantage of using an RL controller lies in its 
ability to learn the best control action from scratch and grad‐
ually master the system operation.

All the RL algorithms are formulated using the Markov 
decision process (MDP), as shown in Fig. 1. The key ele‐
ments of MDP are hereafter presented.

1) Agent: the subject that performs actions to maximize 
the long-term reward.

2) Environment: the surrounding world in which the agent 
interacts and responds to the action selected.

3) State st: a set of significant variables aimed at repre‐
senting the environment at that moment. All the possible val‐
ues that can be assumed by this set of variables are called 
state space S. When the agent does not have access to all the 
state variables (fully observable environment), the known 
part is often called observation ot.

4) Action at: the decision taken by the agent that belongs 
to the action space A, i.e., the set of all the possible actions 
that can be performed. When the number of possible actions 
is finite, the action space is discrete; vice versa, if it is infi‐
nite, the action space is continuous [20].

5) Reward rt: the immediate feedback, usually a scalar 
number received from the environment and used to evaluate 
the last action performed by the agent.

The basic principle of MDP consists of an agent (the con‐
troller) interacting with a dynamic environment over a se‐
quence of discrete steps. In each time step t the agent re‐
ceives a representation of the system through st and in re‐

sponse to that, the state selects at. Action is taken following 
a policy function π(a|s) expressed as:

π(a|s)=P[at = a|st = s] (1)

The policy function maps the probability of selecting each 
possible action from the current state. As a consequence of 
the performed action, the environment sends back to the 
agent a reward signal rt + 1 related to the new state st + 1 in 
which the system ends up. The goal of the agent is to learn 
a policy that maximizes the expected long-term reward. 
When a policy π is being used, the action-value function (al‐
so called Q-value) Qπ (sa) is given by:

Qπ (sa)=Eπ

é
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(2)

Equation (2) determines how good it is to take a particu‐
lar action from a state s, and this can only be derived from 
experience. The discount rate γ (defined in the range of 0 <
γ < 1) is meant to decrease the worth of future rewards. Find‐
ing the optimal policy is equivalent to finding the optimal ac‐
tion-value function Q* (sa)= max

π
Qπ (sa).

Q-learning is a model-free technique; hence, a detailed 
model with the system dynamics is not needed. It is a tabu‐
lar method since its working principle is based on a Q-table 
that stores a Q-value Q(sa) for each action-state pair. The Q-
table has dimension Q(S ´A). Since the algorithm relies on a 
conventional tabular structure, the number of elements that 
compose the matrix needs to be finite, hence both S and A 
are discrete spaces. An example of Q-table with dimension 
m ´ n defined for a set of states S ={s1s2sm } and A =
{a1a2an } is given in Table I.

Upon each step, the agent chooses an action according to 
the Q-values. When implemented as a real-time controller, 
the agent always takes the action with highest Q-value and 
consequently the highest expected return from the current 
state, whereas during the learning process, it can also select 
random actions to explore more alternatives. Once at is per‐
formed, the agent receives rt + 1 and falls in st + 1. The value  
of Q(stat ) within the Q-table is updated following (3).

Q(stat )= (1 - α)Q(stat )+ α ( )rt + 1 + γ max
at + 1

Q* (st + 1at + 1 ) (3)

where α is the learning rate (0 < α £ 1) specifying the extent 
to which the action-value function is updated in each itera‐
tion [20]. The agent gradually enhances the Q-table estima‐
tions by interacting with the environment and updating Q-
values following (3).

Agent

Environment

Reward
rt

Action
at

State
st rt+1

st+1

Fig. 1.　Agent-environment interaction in an MDP.

TABLE I
Q-TABLE WITH DIMENSION m ´ n

S

s1

s2



sm

Q-value

a1

Q(s1a1 )

Q(s2a1 )


Q(sma1 )

a2

Q(s1a2 )

Q(s2a2 )


Q(sma2 )

...

...

...

...

an

Q(s1an )

Q(s2an )


Q(sman )

2065



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 13, NO. 6, November 2025

III. PROBLEM FORMULATION OF OLTC CONTROL

The proposed Q-learning algorithm uses voltage magni‐
tudes at some distribution network buses as input, and pro‐
vides the best tap setting as output. This pattern generates 
the optimal performances to comply with specified reward 
requirements, relying on the Q-values stored within the Q-ta‐
ble. The voltage control problem is designed following an 
MDP formulation.

Q-learning agent is the AVR driving OLTC operations. 
OLTC control is applied within a distribution network, 
which is the environment. As depict in (4), at each step, the 
RL agent can regulate the OLTC settings following three 
possible actions:

DTap =
ì

í

î

ïïïï

ïïïï

-1    Tapt ¹ Tapmin

0       "Tapt

+1    Tapt ¹ Tapmax

(4)

where DTap is the variation of the tap position with respect 
to the current tap position; Tapt is the current tap position; 
and Tapmin and Tapmax are the minimum and maximum taps, 
respectively. Action space A is intrinsically discrete and has 
dimension na = 3.

A state is defined by the combination of voltage magni‐
tudes at n buses spotted to be critical for either undervoltag‐
es or overvoltages during preliminary analysis. Since the al‐
gorithm is based on the Q-table and voltage magnitudes are 
continuous, the values are discretized according to different 
ranges, which can be defined through uniform voltage steps 
of 0.01 p. u. between the lower (Vmin = 0.95 p.u.) and upper 
(Vmax = 1.05 p.u.) voltage limits, plus ranges v £ 0.95 p.u. and 
v ³ 1.05 p.u., for a total of twelve steps.

Considering i as the number of existing ranges, the state 
space dimension ns is equal to (5).

ns = in (5)

Since ns grows exponentially as the function of critical 
buses, n could be as small as possible. In fact, it is better to 
reduce the size of the Q-table to update each Q-value more 
times, so that it can converge to an accurate estimate of the 
real unknown value.

The ultimate objective of the proposed Q-learning algo‐
rithm is to eliminate voltage issues within the distribution 
network, minimizing OLTC operations, which causes long-
term wear and tear on the device. The agent will learn to 
master system operations according to a reward function de‐
fined as in (6).

rt + 1 =
ì
í
î

ïï

ïï

-CTC ||DTapt +Rneg (Vmin -Vnt )    "Vnt <Vmin

-CTC ||DTapt +Rneg (Vnt -Vmax )    "Vnt >Vmax

(6)

where CTC is the cost for each tap movement throughout the 
entire life of the device; Vnt is the voltage of bus n at time 
t; and Rneg is the penalty coefficient associated with voltage 
constraints. On the one hand, a penalty is assigned when 
modifying the tap position (DTapt ¹ 0). On the other hand, 
all the buses in which voltage limits [Vmin,Vmax] are violated 
receive a penalty proportional to the voltage deviation. The 
penalty given to nodes outside the permissible range grows 

when voltage deviation increases, which is scaled by Rneg =
Dtλ, where λ is the cost if the voltage level remains out of 
range for one hour. Even if Italian technical standards still 
do not prescribe automatic compensations for users supplied 
with unacceptable voltage levels, a high value of λ has been 
assigned to push the agent to avoid this condition. For the 
case study, λ = 100, thus Rneg = 25 when using a quarter-an-
hour resolution.

Equation (6) is used to train and subsequently evaluate the 
performances of agent, although reward parameters have dif‐
ferent values in the two phases. The penalty parameter re‐
ferred to tap movements CTC will be heuristically tuned dur‐
ing training, in order to find the optimal setting that avoids 
any voltage problem with the minimum number of OLTC op‐
erations. One of the main concerns about implementing data-
driven control systems in critical infrastructures is the safety 
of using the algorithm in an environment with high variabili‐
ty and uncertainty. Hence, the Q-learning agent will learn 
the optimal strategy for complying with stricter voltage lim‐
its. The safety principle is also followed to evaluate the 
trained agent: the designed RL controller first needs to avoid 
any voltage violation during the test phase; only if the safety 
principle has been fulfilled will the performances be numeri‐
cally assessed using the reward signal (6).

During the offline learning process, the data-driven agent 
explores a wide range of power system states and improves 
its policy through multiple simulations. In a real-time con‐
trol process, the calibrated controller will exploit its function‐
al map from state to action learned during training, directly 
applying the optimal control action for that specific power 
system condition. The RL agent is hence not interested in 
complex power system dynamics like in OPF problems, mak‐
ing it practical for real systems and much faster than an 
OPF controller. To train and subsequently test the RL agent, 
Q-learning algorithm is implemented in Python using Gym-
ANM library [21], [22]. The simulation environment that 
models the actual system has been designed to exploit and 
modify the Gym-ANM framework. The structure of the 
adapted Gym-ANM framework shown in Fig. 2 is based on 
the classical MDP described above [23].

At each step t, the agent receives information about the 
current state st, i.e., the voltage magnitudes, and the reward 
rt resulting from the previous interaction with the environ‐
ment. The selected action at, i. e., the tap-setting, is sent to 
the environment, in which a series of internal variables is 
sampled using the next_vars() block. next_vars() allows the 

Agent next_state()

next_vars()

Agent
st

rt�1

st
st+1

st
st+1

rt�1rt

at

Pd,t+1
Qd,t+1
auxt+1 observation()

reward()

Environment

*
*

t t+1 Time

Fig. 2.　Gym-ANM framework used to train RL agent.
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transition from step t to t + 1 conditioned on the current state 
of the environment, fully described by s*

t  (including bus volt‐
ages, branch currents, active and reactive power exchanges 
at each bus, etc). The two types of variables processed by 
next_vars() are:

1) The temporal evolution of active power Pdt + 1 and reac‐
tive power Qdt + 1 withdrawn or absorbed by each device, ei‐
ther related to loads or DG units.

2) An auxiliary variable auxt + 1 modelling other temporal 
factors that influence the outcomes of Pdt + 1 and Qdt + 1. For the 
case study, the auxiliary variable represents the time of the day.

Internal variables are then passed to next_state() block 
along with at and st. In next_state(), the action taken is ap‐
plied to the environment, and the new full state of the sys‐
tem s*

t + 1 is simulated. This built-in function computes all the 
system variables through a Newton-Raphson power flow 
method. st + 1 containing input measurements is used to train 
the RL agent, which can be directly extracted from s*

t + 1 by 
means of the observation function. In addition, the return rt + 1 
is computed following the pre-specified reward parameters.

The Q-learning agent will interact with simulated data for 
an entire year, among which a large part is used to train the 
agent, while a smaller share is meant to evaluate the perfor‐
mance of the model. Training is performed for 335 days, re‐
ferred to as episodes, and each episode finishes after training 
96 samples of one day (quarter-an-hour data, thus Dt = 0.25 
hour). The test phase is instead based on 30 episodes (one 
month) with the same time resolution.

On the one hand, daily time series Pl
é
ë
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úúúú of each load and generator 

will be exploited by the aforementioned function next_vars(). 
On the other hand, the voltage level at the HV busbar of the 
primary substation is modeled through daily profiles 

vsb
é
ë
êêêê12

24
Dt

ù
û
úúúú.

A data-driven agent can hence interact with the developed 
environment to learn the optimal strategy for regulating volt‐
ages within the MV distribution network at the minimum 
cost. The goal is to determine the tap-setting leading to the 
highest return when a set of discretized voltages is observed. 
At each step, the agent should improve its knowledge of 
how the environment responds when a certain action is exe‐
cuted. In Q-learning models, this is achieved by updating 
Q(stat ) (the Q-value referred to state-action of that step) us‐
ing (3) at each iteration. The training process of the Q-learn‐
ing algorithm is given in Algorithm 1.

Once the simulation framework is ready, the data-driven 
agent can start learning by interacting with the environment 
in different situations. At each time step, the Q-learning 
agent chooses atÎA following an ϵ-greedy strategy, defined 
as in (7).

π(a|s)=
ì
í
î

ïï

ïï

a = arg max
a

Q* (sa)     w.p.  1 - ϵ

a = random(A)                w.p.  ϵ
(7)

where 0 £ ϵ £ 1 points out the probability of taking an action 
randomly; and “w. p.” represents “with probability”. Hence, 

at will depend on both the Q-values associated with stÎ s 
and on ϵ, usually higher in the first episodes to favor explo‐
ration. The use of an ϵ-greedy strategy aims at finding a 
trade-off between exploration (when a random action is se‐
lected) and exploitation (when the agent takes a decision 
that maximizes the expected return according to the already 
learned Q-values). Especially at the beginning, introducing 
an ϵ-greedy strategy prevents always taking the same route, 
encouraging the agent to explore alternatives to achieve bet‐
ter performances in the future. For this reason, policies in 
which ϵ decreases are often effective choices. The simulation 
environment will receive at and a full estimate of the grid s*

t  
as input, and output s*

t + 1 (which is a function of load and 
generation injections and slack bus voltage at step t), as 
shown in Fig. 2. Immediate feedback rt is calculated accord‐
ing to the training reward parameters, while the vector of ob‐
served voltages is directly retrieved from s*

t + 1. Voltages are 
converted using specified voltage ranges to obtain the dis‐
crete state st + 1. Given rt, st, st + 1, and hyperparameters α, γ, 
Q-table is updated in position Q(stat ) following the off-poli‐
cy technique [23] of (3). This is the key moment of the RL 
agent learning process. The control system knowledge about 
the environment dynamics is indeed enhanced: if the action 
taken is good in terms of immediate reward as well as of 
value of the new system state, Q(stat ) increases and at will 
be more likely to be selected when acting greedy. At the end 
of step t, the output st + 1 becomes st that is the input of the 
next MDP loop. Once the last step T has been performed, 
hyperparameters with variable value across episodes, e.g., ϵ 
and α, are updated. This process is repeated throughout all 
the days of the training set for Ntrain times.

Algorithm 1: training of Q-learning algorithm

1:

2:

3:

4:

5:

6:

7:

8:

9:

10:

11:

12:

13:

14:

15:

Initialize parameters of model: number of training episodes Ntrain, 
time resolution Dt, reward parameters (CTC λ Vmin Vmax ), hyper‐
parameters (αγϵ), and discretization ranges

Initialize the Q-table (ns ´ na) with arbitrary values, i.e., all zeros

for ep = 12Ntrain do

  Retrieve Pl
é
ë
êêêê12

24
Dt

ù
û
úúúú, Ql

é
ë
êêêê12

24
Dt

ù
û
úúúú, Pg

é
ë
êêêê12

24
Dt

ù
û
úúúú of each 

load and generator

  Retrieve vsb
é
ë
êêêê12

24
Dt

ù
û
úúúú

  Receive initial discrete observation s1

  for t = 12
24
Dt

 do

    Choose at from st following policy derived by Q-values, e.g., ϵ-
greedy of (7)

    Execute at in power flow environment to transfer input state st + 1 
and obtain reward rt

    Discretize st + 1 using discrete voltage ranges

    Update Q-table:

Q(stat )¬(1 - α)Q(stat )+ α ( )rt + γ max
at + 1

Q* (st + 1at + 1 )

    Update st¬ st + 1

  end for

  Update hyperparameters ϵ and α (only if needed)

end for
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After training, the Q-learning agent should be able to map 
the best action for any feasible state of the system. In practi‐
cal applications, the data-driven voltage control system will 
receive a combination of real-time voltage measurements 
monitored at the same busses used for training as input. 
Once the actual voltage magnitudes are converted into a dis‐
crete state, the AVR selects a tap-setting that maximizes the 
long-term return according to Q-values learned from training 
data and stored in the Q-table. The strategy followed by the 
Q-learning agent when used as real-time voltage controller is 
hence a greedy policy (π(a|s)= arg max

a
Q* (sa)), which ex‐

ploits experience to optimize the reward in the long run. 
This process continues for an indefinite time whenever the 
agent observes a state of the distribution network, so there is 

neither a constant Dt nor fixed episodes made of 
24
Dt

 time 

steps.

IV. SENSITIVITY ANALYSIS OF RL HYPERPARAMETERS 

During the training phase, a sensitivity analysis of RL hy‐
perparameters (ϵαγ) has been performed. ϵ and α are re‐
spectively represented by exponential functions, whereas the 
discount rate remains constant. The set of hyperparameters 
initially used will be called Set 0. Numerical expressions of 
parameters in Set 0 are given as: ϵ = -ϵ + (ϵ̄ - -ϵ)e-τϵ × ep (with -ϵ =
0.01, ϵ̄ = 1, τϵ = 0.01), α = -α + (ᾱ - -α)e-τα × ep (with -α = 0.01, ᾱ =
0.1, τα = 0.01), and γ = 0.95, where ep is the episode.

The results are summarized as follows.
1) ϵ: the trade-off between explorations and exploitation is 

determined. In addition to Set 0, two other sets have been 
tested. ① Set 1: the same as Set 0, but with τϵ = 0.005. In 
this case, the decay rate of the exponential function has been 
halved; therefore, the agent explores for a longer time and 
has more significant fluctuations. ② Set 2: ϵ = 0.01. In this 
case, the degree of exploration is reduced. Results show that 
the agent trained with Set 1 hyperparameters performs simi‐
larly to the agent trained with parameters in Set 0, while 
worse rewards are obtained in Set 2. In addition, voltage lim‐
its have not been passed using the epsilon of Set 0 and Set 
1, whereas Set 2 agent causes some voltage issues. Finally, 
increasing ϵ may cause lower rewards during the training pe‐
riod, but once the trained agent is implemented as a real-
time controller, it can perform better.

2) α: the learning rate α determines the extent to which Q-
values are updated at each iteration following (3) in this pa‐
per. In addition to Set 0, two other sets have been tested: ① 
Set 3: α = 0.5; ② Set 4: α = 0.001. Using a large learning 
rate leads to almost double tap switches (208 instead of 
115), but effectively eliminates voltage violations during the 
test period. On the other hand, a small learning rate causes 
remarkable voltage violations, but it drastically reduces the 
OLTC operations (42 instead of 115). Since the main agent 
requirement is the reliability of voltage control, the α-func‐
tion of Set 4 is not considered better than the initial setting. 
Instead, the user will decide if voltage limits can be passed 
without negative consequences. In this case, the choice of 
Set 0 is still the best for a trade-off between the number of 
tap switches and voltage stability.

3) γ: the discount rate γ aims to teach the agent its prima‐
ry goal. Lower γ privileges immediate rewards, whereas val‐
ues close to one are used to maximize the long-term return. 
In Set 0, γ has been set equal to 0.95, while in the last con‐
figuration (Set 5), γ = 0.5 has been used. Training the agent 
with a lower discount rate reduces tap switches (46 versus 
115) but causes voltage problems at some buses. This is the 
expected result of reducing the discount rate: the agent will 
not change tap position even if some bus voltages get closer 
or slightly beyond the limits, because it would immediately 
receive a large penalty due to its action.

The number of tap switches for all the considered sets is 
shown in Fig. 3, in which cases bringing voltage issues are 
highlighted in orange color.

V. CASE STUDY AND NUMERICAL RESULTS 

The effectiveness of the proposed Q-learning algorithm is 
assessed using a real MV distribution network located near 
the Garda Lake in Italy, operated by the local DSO, Unareti. 
The primary substation Vobarno supplies the distribution net‐
work, which consists of 2728 domestic users. Moreover, 180 
RESs, of which 176 are solar PV plants and four are run-of-
the-river hydroelectric plants, are also connected. The distri‐
bution network has a radial topology and is comprised of 
274 buses, one HV/MV transformer with electronic OLTC, 
and 59 MV/LV transformers. The 132 kV HV transmission 
grid supplies the 40 MVA transformer with OLTC. This 
transformer features a nominal turn ratio knom =V1rat /V2rat =
132 kV/15 kV, where V1rat and V2rat are the rated voltages 
on the two sides of the transformer. The regulation between 
83.5% and 116.5% of V2rat is discretely achieved through 23 
tap positions, in which the voltage step Dv between consecu‐
tive taps is 1.5% of V2rat.

Figure 4 shows the topology of the considered distribution 
network, highlighting critical buses regarding voltage issues, 
used as input by the AVR. Bus 1 immediately reflects fluctu‐
ations of the HV voltage provided by the TSO, and additional‐
ly, a voltage measurement device is already installed at the sec‐
ondary side of the HV/MV transformer, thus not implying ad‐
ditional costs to the DSO. Bus 204 and Bus 92 are located on 
feeders that present the minimum bus voltages, respectively, in 
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Fig. 3.　Number of tap switches for all considered sets.
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the current and future scenarios that will be presented later, 
while Bus 140 is the connection point of the largest hydroelec‐
tric unit, which significantly impact the voltage profile.

Considering those four critical buses, the Q-table has 
three columns (DTap =-1, DTap =+1, and DTap = 0) and a 
number of rows equal to 20736 (computed as ns = in = 124 =
20736), where voltage steps are 12 (interval of 0.01 p. u. 
from 0.95 p.u. to 1.05 p.u. plus ranges v £ 0.95 p.u. and v ³
1.05 p.u.. The number of critical buses n is 4.

Figure 5 shows the voltage magnitudes of all the network 
buses in the current scenario for two extreme cases, namely 
the cases of minimum demand and maximum demand.

High-resolution measurements of load demand and DG 
production are unavailable, as still what usually happens in 
distribution networks. However, the yearly power profile of 
distribution network can be simulated by scaling the nominal 
values of each load and generator via standard curves. The 
key information used for domestic loads is the average annu‐
al power Pavg, whereas for DG units, it is the nominal appar‐
ent power Aref. Load behavior is approximated through eight 
consumption patterns, both for active power and reactive 
power, related to season and day type (weekday or holiday). 
As an example, the load profiles assigned to domestic users 
to scale Pavg during a year are shown in Fig. 6. The genera‐
tion pattern of DG units depends on the power plant technol‐
ogy: solar PV production profiles are determined by season‐
al solar radiation, while for the sake of simplicity, run-of-the-
river hydroelectric generators show a constant curve through‐
out the year. The generation profiles assigned to DG units to 
scale Aref during a year are shown in Fig. 7. Finally, the year‐
ly profile of HV voltage at the primary side of the substa‐
tion transformer is built based on a dataset of measurements 
collected by Unareti. Voltage profiles represented in Fig. 8 
have been determined for the same eight typical days de‐
fined for domestic users.

The effectiveness of the AVR is tested in two scenarios: 
the current scenario exploits the set of current values of Pavg 
and Aref provided by Unareti, but these base values will be 
increased in the future scenario. The purpose is to model the 

Index: 140
Vm=0.997 p.u.
φa=-0.017°

Index: 204
Vm=0.989 p.u.
φa=-0.433°

Index: 1
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φa=-0.25°
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(p.u.)

1.000

0.995

0.990

0.985

0.980

0.975

0.970

Index: 140
Vm=0.988 p.u.
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Fig. 5.　Voltage magnitudes of all network buses in current scenario. (a) 
Minimum demand case. (b) Maximum demand case.
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state of the distribution network in the future, where the in‐
crease of DGs and the electrification of consumption, e. g., 
electric vehicles and district heating, will cause an increase 
in power flows. The specifications of the test network in cur‐
rent and future scenarios is evidenced in Table II.

As already mentioned, the training is performed using a da‐
taset of 335 days (episodes), whereas a 30-day dataset address‐
es the test phase. The RL agent interacts with the environment 
96 times per day (with quarter-an-hour resolution), and at the 

end of each episode, it receives a reward Rep =∑
t = 1

96

rt.

To further increase the variability within the considered 
distribution network, random errors sampled from two nor‐
mal distributions (εlg~Ν(0σ 2

lg ) with σlg = 0.1 for loads and 
DG units, and εsb~Ν(0σ 2

sb ) with σsb = 1/75 for the slack bus 
voltage) are added to loads, DG units, and the slack bus volt‐
age during each episode. The process used to build daily 
time series of load and generator injections during each epi‐
sode is schematized, as given in Algorithm 2, whereas the volt‐

age curves vsb
é
ë
êêêê12

24
Dt

ù
û
úúúú of slack bus used for training the Q-

learning agent are built following the steps of Algorithm 3.
It is not the best option to train the agent with daily data 

that are organized chronologically. On the one hand, during 
the first episodes, the RL agent would be unaware of the 
whole environment, and following an ϵ-greedy strategy 
searches for actions that can lead to the highest return. Q-
values related to power system state typical of this first peri‐
od could not yet be their best approximations because the 
agent would be more focused on trying multiple alternatives 
instead of consolidating knowledge of the optimal ones. On 
the other hand, an opposite problem could arise for scenarios 

occurring in the last months. In final stages, the model aims 
at exploiting information learnt and stored in the Q-table, 
hence the agent may not be aware of better actions for typi‐
cal states of that period. Thus, days have been sorted in a 
random order during the training process to overcome these 
issues. The same procedure has been followed during the 
test phase but with a different goal: to assess model perfor‐
mances under as many cases as possible.
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Fig. 8.　Voltage profiles used to scale Vnom (132 kV) on primary side of 
OLTC during a year.

TABLE II
SPECIFICATIONS OF TEST NETWORK IN CURRENT AND FUTURE SCENARIOS

Scenario

Current

Future

PV Aref (MVA)

3.16

17.47

Hydro Aref (MVA)

4.4

4.4

Demand Pavg (MW)

7.44

15.33

Algorithm 3: voltage time series at slack bus during each episode

1:

2:

3:

4:

5:

6:

7:

8:

Initialize the previously built hourly voltage profiles of the HV bus‐
bar referred to the day processed during the episode; initialize 
the nominal voltage VHVn of slack bus n

Initialize Ν(0σ 2
sb )

for t = 1224 do

  Draw a random sample εsbt from Ν(0σ 2
sb )

  Convert εsbt to an actual voltage deviation εHVsbt = εsbtVHVn

  Compute vsbt adding εHVsbt to voltage level at time stamp t of the 
standard HV curve

end for

Interpolate voltage values between t and t + 1 to obtain a voltage 

curve with 
24
Dt

 time tamps

Algorithm 2: daily time series of load and generator injections during 
each episode

1:

2:

3:

4:

5:

6:

7:

8:

9:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24:

For loads, initialize the interpolated daily cluster profiles of active 
and reactive power consumption referred to the day processed 
during the episode; initialize Pavgl of each load l

For DG units, initialize the interpolated daily generation profiles of 
active and reactive power consumption referred to the day pro‐
cessed during the episode; initialize Arefg of each generator g

Initialize Ν(0σ 2
l ), Ν(0σ 2

g )

for l = 12Nl do

  Draw a random sample εlep from Ν(0σ 2
l )

  Compute P′avgl =Pavgl + εlep

  Retrieve the cluster assigned to l

  for t = 12
24
Dt

 do

    Compute Plt scaling time stamp t of active power consumption 
pattern by P′avgl

    Compute Qlt scaling time stamp t of reactive power consump‐
tion pattern by P′avgl

  end for

end for

for g = 12Ng do

  Retrieve the technology of generator g

  if a unit with the technology of g has never been processed then

    Draw a random sample εtecep from Ν(0σ 2
g )

  else

    Take εtecep received by the previous unit that shares the same 
technology of generator g

  end if

  Compute A′refg =Arefg + εtecep

  for t = 12...
24
Dt

 do

    Compute Pgt scaling time stamp t of generation pattern by A′refg

  end for

end for
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As discussed above, the main criterion for evaluating the 
performance of Q-learning algorithm is to eliminate any volt‐
age issue. The best algorithm setting will be the one maxi‐
mizing the reward function (6) throughout Ntest = 30 test epi‐
sodes. To solve the problem related to the number of OLTC 
operations associated with the upper and lower voltage lim‐
its, a sensitivity analysis of the parameter CTC and voltage 
thresholds have been performed. In the current scenario, dif‐
ferent settings of CTC, Vmin, and Vmax are shown in Table III.

Based on the sensitivity analysis performed, the optimal 
performances in the current scenario are obtained by training 
the RL agent with Ctc = 5, Vmin = 0.96 p. u., and Vmax = 1.04 
p.u.. The agent deals with input voltages discretized in 
twelve uniform voltage ranges from 0.95 p. u. to 1.05 p. u.. 
Performances achieved by data-driven AVR are compared 
with the traditional control strategy, which is currently adopt‐
ed by Unareti. The OLTC is driven to keep the voltage at 
the secondary side of the HV/MV transformer within a fixed 
deadband centered around a target value. The deadband is 
equal to ±2.5% of the reference voltage of the AVR, and the 
target voltage has been set equal to V2rat = 15 kV. Figure 9 
compares the daily rewards throughout the test period.

The proposed Q-learning algorithm performs better than 
the traditional control strategy. The average daily return of 
the RL AVR is Rep =-3.9 against Rep =-6.65 of the tradition‐
al control strategy adopted by Unareti. Since voltage issues 
are effectively eliminated with both the proposed Q-learning 
algorithm and the traditional control strategy, the reward is 
directly proportional to the number of tap switches during 
the test period, as given by (6). As shown in Fig. 10, the pro‐
posed Q-learning algorithm can reduce the OLTC operations. 
The total number of tap switches is 78 using the Q-learning 

algorithm against 133 with the traditional control strategy.

The situation will be different in the future scenario. The tra‐
ditional control strategy fails to fulfill the voltage require‐
ments, as shown in the boxplot of all bus voltages during the 
test phase, as displayed in Fig. 11. In fact, large demand leads 
to significant voltage drops along the distribution feeders.

The data-driven AVR can instead handle the voltage issue in 
future scenario. Bus voltages are maintained within the admis‐
sible deadband, as shown in Fig. 12. In the future scenario, dif‐
ferent settings of CTC, Vmin, and Vmax are shown in Table IV. 
The 2nd, 3rd, and 6th configurations bring voltage issues.

This time, the optimal performances are achieved by tun‐
ing training reward parameters as follows: Ctc = 2.5, Vmin =
0.96 p.u., and Vmax = 1.04 p.u.. The agent is trained to learn 
through a lower penalty associated with tap movements 
since the main challenge is the possibility of performing an 
effective regulation within the system.

The key feature of the proposed Q-learning algorithm is 
its flexibility and that it is not limited by fixed schemes. Us‐
ers can freely customize model parameters to meet their re‐
quirements. In distribution networks with tiny voltage drops 
on the secondary transformers and along LV distribution 
feeders, it is possible to expand the admissible voltage band 
to drastically reduce the OLTC operations, as shown in Fig. 
13, where the agent has the goal of maintaining bus voltages 
within a deadband of 0.94 p.u. <Vbus < 1.06 p.u..

TABLE III
DIFFERENT SETTINGS IN CURRENT SCENARIO

Voltage control system

CTC = 5, Vmin = 0.96 p.u., 
Vmax = 1.04 p.u.

CTC = 40, Vmin = 0.97 p.u., 
Vmax = 1.03 p.u.

Traditional

Average of Rep throughout 
30 test episodes

-3.90

-5.65

-6.65

Total average tap 
switches

78

113

133
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Fig. 9.　Comparison of daily rewards throughout test period.
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The DSO can also update Q-values periodically, even 
when the Q-learning agent is installed as a real-time control‐
ler. This pattern can prove to be helpful both in network re‐
configurations and in the cases of variations of power injec‐
tions by DG units and withdrawn by loads. Moreover, input 
voltages used by the RL agent are not pre-defined. The DSO 
can carry out an analysis to assess whether the available 
measurement equipment is sufficient to train a highly effi‐
cient RL agent.

VI. CONCLUSION AND FUTURE WORK 

This paper proposes a Q-learning algorithm for handling 

the voltage control problem in distribution networks with 
growing variability and uncertainty. The proposed Q-learning 
algorithm bypasses the need for accurate system models to 
regulate voltage effectively. The data-driven AVR determines 
the optimal tap-setting that eliminates voltage issues and 
minimizes unnecessary device operations based only on a 
few voltage measurements. Numerical simulations on a real 
MV network validate the effectiveness of the proposed Q-
learning algorithm. In addition, users can freely customize 
model parameters to meet their requirements. Future develop‐
ments of this paper could include introducing elements that 
have not been considered yet, such as network reconfigura‐
tions, reactive power injections by DG units, and compensa‐
tion devices. Moreover, implementing deep RL techniques 
based on ANNs could help cope with the scalability issues 
of the Q-table and allow the development of a coordinated 
control system between the OLTC and the reactive power 
voltage control that synchronous and inverter-based DG 
units can perform.
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Fig. 12.　Bus voltage boxplot using proposed Q-learning algorithm in fu‐
ture scenario.

TABLE IV
DIFFERENT SETTINGS IN FUTURE SCENARIO

Voltage control system

CTC = 1.5, Vmin = 0.97 p.u., Vmax = 1.03 p.u.

CTC = 5, Vmin = 0.97 p.u., Vmax = 1.03 p.u.

CTC = 10, Vmin = 0.97 p.u., Vmax = 1.03 p.u.

CTC = 1, Vmin = 0.96 p.u., Vmax = 1.04 p.u.

CTC = 2.5, Vmin = 0.96 p.u., Vmax = 1.04 p.u.

CTC = 5, Vmin = 0.96 p.u., Vmax = 1.04 p.u.

Average of Rep 
throughout 30 
test episodes

-27.60

-20.71

-16.51

-9.65

-9.35

-7.65
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Fig. 13.　Number of tap switches using proposed Q-learning algorithm com‐
pared with traditional control strategy adopted by Unareti.
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