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In this paper a reinforcement learning based nonlinear control strategy for control of boost converters is
presented. Control of boost converters is a challenging nonlinear control problem, and classical linear
control techniques perform poorly since the model of the converter depends on the state of the
switching elements. In this paper the boost converter control problem is formulated as an optimal multi-
step decision problem aimed at attaining a constant output voltage. Optimal multi-step decision pro-
blems can be solved using the framework of Markov Decision Processes (MDP) and Reinforcement
Learning (RL); however iterative solution procedures exist only for discrete state problems. In this paper
two possible approaches for applying RL to the boost converter problem are proposed. First a RL based
control strategy for a discretized model of the boost converter problem is presented. Next an approach
that applies robust regression to mitigate the effects of discretization by smoothly interpolating between
the control decisions computed for the discretized states is presented. Simulation results indicate that
the robust regression based RL strategy significantly reduces oscillations and overshoot and gives a better
output voltage compared to the pure RL strategy.

& 2016 Published by Elsevier Ltd.
1. Introduction

A boost converter (Sundareswaran and Sreedevi, 2009; Rashid,
2004) is a step-up DC to DC converter that finds extensive appli-
cation in solar power, fuel cell, hybrid electric vehicle, LED, fluor-
escent lighting and battery technologies. Boost converters are
primarily used to avoid the stacking of DC voltage sources in series
to achieve higher voltages. All boost converters require a mini-
mum of two switching devices and at least one energy storing
element. Control of the output voltage of the boost converter is a
challenging nonlinear control problem because the model of the
converter depends on the states of the switching elements. Con-
ventional controller design strategies using approximate linear
models to control boost converters do not perform well, so
exploration of alternate optimal and nonlinear strategies is of
interest. This paper presents a machine learning based strategy for
the solution of the boost converter control problem.

The boost converter control problem can be formulated as a
sequential optimal decision problem if the framework of Markov
Decision Processes (MDP) is adopted. This is advantageous since
effective RL (Sutton and Barto, 1998; Kaelbling et al., 1996) based
D.J. Pradeep),
gmail.com (N. Arun).
algorithms can be used to compute optimal control actions for
MDP based models.

1.1. Reinforcement learning

RL is a branch of machine learning (Watkins and Dayan, 1992;
Bertsekas and Tsitsiklis, 1996; Mitchell, 1997) that mimics the
behaviour of an intelligent agent that learns to accomplish a task
by choosing actions to maximize environmental rewards. The
rewards can depend on just the state, or on both the state and
action taken in the state. Use of RL in designing controllers for
nonlinear control problems is reported in (Noel and Pandian, 2014;
Fernandez-Gauna et al., 2014). RL was used in applications like
game playing (Tesauro, 1994, 1992), controlling autonomous
robots and scheduling (Ng et al., 2004; Shokri, 2011; Pazis and
Lagoudakis, 2011; Wiering et al., 2011) and in industrial process
control (Lewis and Vamvoudakis, 2011; Syafiie et al., 2011). The
application of RL to practical problems is hindered by the ‘curse of
dimensionality’ (Bellman, 1957), where the computational com-
plexity increases exponentially with increase in number of dis-
cretization levels of the state space. In this paper a robust
regression based function approximation strategy is used to
mitigate the effects of discretization of the continuous state space.

In the RL learning paradigm the number of all possible states
and actions is assumed to be finite. When the system is in state s,
the agent takes an action a, that drives the system to the next state
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Table 1
Nomenclature used in the formulation of the boost converter control problem.

S. no. Symbol Description

1 s system state vector
2 a control action vector or input to the system
3 Psa(s0) state transition probabilities
4 R(s,a) reward for taking action a in state s
5 π(s) action taken in state s following a policy π

6 Vπ(s) cumulative sum of discounted rewards for following policy π,
starting from state s

7 π* optimal policy function
8 V* optimal value function
9 x [x1 x2]T state vector of the boost converter system

10 D set of all possible duty cycle values
11 γ discount factor to favour immediate rewards
12 Ni number of discretization levels for the state variable xi
13 ND number of discretization levels for the duty cycle
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Fig. 1. Boost converter in open loop.
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s0. The state s and the action a are in general vectors of real
numbers. The agent receives a reward R(s,a) from the environment
that indicates the desirability of taking an action a in state s. The
goal of the agent is to maximize the expected value of cumulative
discounted rewards by taking appropriate actions over time and
this model is referred to as MDP. In this paper, discounted rewards
are used to encourage the agent to achieve the goal state faster
and to ensure a finite total reward. The extent to which future
rewards are discounted can be controlled by changing the discount
factor γ.

An MDP is thus characterized by a 5-tuple (S, A, γ, Psa, R), where
S is the set of all possible states, A is the set of all possible actions, γ
is the discount factor, Psa(s0) are the state transition probabilities
and R is the reward function. In general the policy function πmaps
states to actions, (π:S-A) and the reward function R maps state
action pairs to real numbers (R:S�A-R). In some applications
rewards do not depend on the action taken (R:S-R).

The value function V is the expected sum of discounted rewards
for a given initial state and predetermined policy. If a policy π is
being executed, when the system is in state s, the action a is taken
according to the policy indicated by a¼π(s). The value function
assigns a real number to each state that indicates the desirability
of that state. The concept of a value function is a fundamental
feature of the RL paradigm. Frequently the value function is easier
to compute than the policy function. So, the policy function is
computed from the value function in RL. The value function is
defined by Eq. (1).

VπðsÞ ¼ EðRðs0ÞþγRðs1Þþγ2Rðs2Þþ⋯j s0 ¼ s;πÞ ð1Þ
In Eq. (1), discount factor γA[0,1] helps in emphasizing present

rewards and discounting future rewards. The goal of RL is to
provide a best policy that maximizes the total discounted rewards.
The optimal value function is the value function when the optimal
policy is followed and is given by Eq. (2)

V�ðsÞ ¼max
π

VπðsÞ ð2Þ

Bellman's equation for the optimal value function is given in Eq. (3)
and it states that the expected cumulative discounted rewards obta-
ined when starting in state s and following the optimal policy is equal
to sum of the immediate reward R(s) received for being in state s and
the discounted maximum expected rewards from the next state s0.
This represents the stochastic case when transition to the next state is
probabilistic.

V�ðsÞ ¼ RðsÞþγmax
aAA

Σ
s0 A S

Psaðs0ÞV�ðs0Þ ð3Þ

In case of a deterministic system, all state transition prob-
abilities are zero except for one state transition (for which the
probability is 1). For the deterministic case Bellman's equation for
the optimal value function given in Eq. (3) reduces to Eq. (4)

V�ðsÞ ¼ RðsÞþγmax
aAA

V�ðs0Þ ð4Þ

Any policy that maximizes the future discounted rewards is
referred to as an optimal policy and is denoted by π*. The optimal
policy can be computed from the optimal value function with Eq.
(5) which states that, the best action to take in state s is the action
that maximizes the expected cumulative discounted rewards from
the next state s0.

π�ðsÞ ¼ argmax
aAA

X
s0 A S

Psaðs0ÞV�ðs0Þ ð5Þ

If the system is deterministic, then the above equation reduces
to Eq. (6)

π�ðsÞ ¼ argmax
aAA

V�ðs0Þ ð6Þ
The nomenclature of variables used in this paper and their
description is given in in Table 1.

1.2. Boost converter

A boost converter in open loop without feedback control is
shown in Fig. 1. The behaviour of the boost converter can be
modelled with two linear state space models; one model describes
the boost converter system when the converter switch is ON and
another model describes the system when the switch is OFF.

When the converter switch is ON, the inductor stores energy in
its magnetic field and when the switch is OFF, the magnetic field is
de-energized to maintain current flow to the load. The voltage
seen at the load is the sum of input voltage and the voltage across
the inductor aiding in achieving a higher output voltage. A boost
converter in open loop does not provide good dynamic response
and regulation characteristics, so it is always used in closed loop. A
boost converter in a closed loop is shown in Fig. 2. The controller
senses the present state of the boost converter and changes the
duty cycle of the pulse width modulator to maintain a constant
output voltage.

The use of linear control techniques like Proportional Integral
and Derivative (PID) controllers for boost converter control is
widely reported in literature. Traditional controller design meth-
ods (Hung et al., 1993; Cominos and Munro, 2002; Guo et al., 2003;
Balestrino et al., 2006) aim at proper tuning of the proportional,
integral and derivative constants so that the boost converter pro-
vides a constant output voltage. However linear control techniques
described in current literature do not provide satisfactory perfor-
mance due to the hard nonlinearity of the boost converter system.
Perry et al. (2004) describe a PI like fuzzy controller while Sree-
kumar and Agarwal (2008) proposed a hybrid algorithm for vol-
tage regulation in boost converters.

The organization of this paper is as follows: first the boost
converter control problem is formulated as an optimal sequential
decision problem (MDP), second a scheme that uses robust
regression for effective solution using RL is presented, finally
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Fig. 2. Boost converter in closed loop.
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results comparing the pure RL approach and the robust regression
based RL approach proposed in this paper are presented.
…state
s0

a0

state
s1
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action action action

Fig. 3. Representation of the MDP for boost converter control problem with state
transitions and control actions.
2. Problem formulation

In the following, the boost converter control problem is mod-
elled as an MDP consisting described by the 5-tuple (X, D, Pxd, γ, R).

The set X¼{[x1(m), x2(n)]: m¼1 to N1 and n¼1 to N2 } where,
x1 is inductor current and x2 is the capacitor voltage discretized to
N1 states and N2 states respectively. D¼{d(n): n¼1 to ND} is the set
of duty cycle values given as input to the pulse width modulator.
The duty cycle values are discretized to ND states.

The probability of going to state x0 when action d is taken in
state x is denoted by Pxd(x0). Thus Pxd represent the state transi-
tions probabilities. Since the boost converter is a deterministic
system, Pxd is 0 except for one state transition. The next state x0AX
to which the system makes a transition depends only on the
current state xAX and action dAD.

The state space model for the boost converter with the
switching element in the ON state is given by Eq. (7) and by Eq.
(8):

_x1
_x2

" #
¼

� rL
L 0

0 �1
CðRLoad þ rC Þ

" #
x1
x2

" #
þ

1
L

0

" #
Vin ð7Þ

VOðxÞ ¼ 0 RLoad
ðRLoad þ rC Þ

h i x1
x2

" #
ð8Þ

The state space model for the boost converter with the
switching element in the OFF state is given by Eq. (9) and Eq. (10):

_x1
_x2

" #
¼

� rL þRLoad==rC
L

�RLoad
LðRLoad þ rC Þ

�RLoad
CðRLoad þ rC Þ

�1
CðRLoad þ rC Þ

2
4

3
5 x1

x2

" #
þ

1
L

0

" #
Vin ð9Þ

VOðxÞ ¼ RLoad==rC
RLoad

ðRLoad þ rC Þ
h i x1

x2

" #
ð10Þ

where Vin is the input voltage, L is the inductance value of the
inductor, rL is the equivalent resistance of the inductor, RLoad is the
load resistance, C is the capacitance of the capacitor and rC is the
equivalent resistance of the capacitor. This switch in Fig. 1 is
usually implemented with a metal–oxide–semiconductor field-
effect transistor (MOSFET) in the physical realization of the boost
converter system.

Eqs. (7)–(10) are linear differential equations when considered
separately. However the linear state space model given by Eq. (7)
and Eq. (8) describes the system when the switch in Fig. 1 is ON
and Eq. (9) and Eq. (10) describe the system when the switch in
Fig. 1 is OFF. Since the linear model depends on the state of the
switching element the overall system is nonlinear. A linear system
is by definition a system described by a single state space equation
of the form dx

dt ¼ f ðx;uÞ ¼ AxþBu, where the function f is linear.
However in this case the function f is not described by a single
linear equation and hence the overall boost converter system is
nonlinear.

When the diode is conducting it has a small voltage of about
0.7 V across it and hence can be considered as a short circuit (ideal
switch approximation) in power electronic applications. When the
diode is not conducting it can be treated as an open circuit since its
reverse leakage current is in microamperes. Thus the diode is
treated as either a short circuit when it is forward biased (small
forward voltage of 0.7 V is ignored) and as an open circuit when it
is reverse biased (small reverse leakage current is ignored) in the
diode model used in power electronic applications. Similarly the
MOSFET switch is also treated as a short circuit when it is con-
ducting and as an open circuit when it is not conducting. The
conducting state of the MOSFET is controlled with a high or low
gate control signal. Since both the diode and MOSFET are treated
as open or short circuits depending on their state (conducting or
not conducting), they do not explicitly appear in the state
space model.

However it is worth noting that since the MOSFET is treated as
a short circuit when conducting and as an open circuit when not
conducting we get two different linear differential equations (Eqs.
(7) and (8)) depending on the conducting state of the MOSFET.
This results in the overall nonlinearity of the boost converter
system.

In Fig. 1 when the MOSFET is switched ON with a high gate
control signal all the source current flows through the MOSFET
switch. No current flows through the diode as the diode is reverse
biased by the capacitor voltage. In the conducting state the
MOSFET behaves likes a near ideal switch and has a very small
voltage across it while in the non-conducting state it behaves
essentially like an open circuit. Applying KVL when the MOSFET is
conducting results in Eq. (7). When the MOSFET is switched OFF
with a low gate control signal all the inductor current is forced
through the forward biased diode and capacitor. Neglecting the ON
state small voltage of 0.7 V and applying KVL results in Eq. (9) in
this case. The diode prevents the capacitor from discharging when
the MOSFET switch is not conducting.

If the system is assumed to start in state x(0)¼[x1(0) x2(0)]T and
the controller takes an action d(0)AD, the system is driven into
the new state x(1)¼[x1(1) x2(1)]T and in this new state an action d
(1)AD is taken by the controller and the system is transitions to
the next state. This process continues indefinitely as shown in
Fig. 3.

RL aims at maximizing the total payoff by choosing the best
action in every state. The value function Vπ(x) is the expected sum
of discounted rewards as given in Eq. (11) and measures the
desirability of the system being in state s.

VπðxÞ ¼ E½ðRðxð0ÞÞþγRðxð1ÞÞþγ2Rðxð2ÞÞþ⋯jxð0Þ ¼ x;π� ð11Þ
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For a deterministic system, Eq. (11) reduces to Eq. (12) since the
expectation of a constant random variable is the same constant.

VðxÞ ¼ Rðxð0ÞÞþγRðxð1ÞÞþγ2Rðxð2ÞÞþ⋯ ð12Þ
Eq. (12) can be used to obtain a recursive representation of the

value function and is referred to as Bellman's equation, given in Eq.
(13), using which the optimal value functions for all the states of
the system are computed.

VπðxÞ ¼ RðxÞþγVπðx0Þ ð13Þ
The first term in Eq. (13) represents the immediate reward the

controller gets for being in state x and the second term represents
the sum of future discounted rewards. γA[0,1] is the discount
factor which is used to favour actions leading to immediate
rewards over actions leading to delayed rewards. The effect of
variation in control performance with γ is explored in Section 4.
When the controller adopts the optimal policy, the optimal value
function is computed using Eq. (14)

V�ðxÞ ¼max
π

VπðxÞ ¼ RðxÞþγmax
dAD

V�ðx0Þ ð14Þ

The optimal policy for boost converter problem is computed
using Eq. (15)

π�ðxÞ ¼ argmax
dAD

V�ðx0Þ ð15Þ

Value iteration and policy iteration are the two algorithms used
to find the optimal value and best policy in RL. In this paper, value
iteration algorithm is used to learn the optimal policy.

The reward function R in the formulation presented above
represents the desirability of taking a specific action in a specific
state. In this paper two different possible reward functions were
considered. In the first reward function considered, voltages lower
than the desired output voltage, are preferred to higher output
voltages. So, the states that result in a higher output voltage are
penalised compared to other states. The reward function for the
above mentioned case is modelled as shown in Eq. (16).

R1ðxÞ ¼
�k1 Vdesired

O �VOðxÞ
��� ��� for VOðxÞZVdesired

O

�k2 Vdesired
O �VOðxÞ

��� ��� for VOðxÞoVdesired
O

8><
>: ð16Þ

where k1 and k2 are positive constants and k14k2, VO(x) is the
present output voltage and VO

desired is the desired output voltage.
For the second reward function Eq. (17), the reward is pro-

portional to the difference between the current state and the
desired state of the boost converter:

R2ðxÞ ¼ �k3 Vdesired
O �VOðxÞ

��� ��� ð17Þ

where k3 is a positive constant.
3. Robust regression based reinforcement learning

Most control applications involve continuous state space and
action space, whereas RL computes actions only for discrete states.
Thus the continuous state and action spaces have to be discretized
to apply RL. The discrete state space policy computed by RL, when
used on a continuous state space model, results in oscillations and
overshoots. Thus an effective function approximation scheme is
needed to estimate the policy function for continuous state spaces
and for this purpose least squares regression is frequently used.
Use of least squares approach for finding the regression coeffi-
cients involves minimizing the sum of square residuals assuming
the errors to be having finite variance and are uncorrelated with
the regressors which is not true in many cases. Classical regression
methods fail if there are outliers in the data, so robust regression
(Huber, 1964; Street et al., 1988) methods such as M-estimators,
Least Trimmed Squares and weighted least squares are of interest.

The squared residuals in least squares estimation are replaced
by another function of residuals which is often termed as objective
function for estimation of regression coefficients in robust
regression. In the boost converter problem, the estimation of duty
cycle for new states is modelled as an M-estimation problem (Fox,
2002). The duty cycle value (control action) for each state is
written as a linear function of state variables (Eq. (18)) and is
represented compactly using vector notation in Eq. (19):

di ¼ αþβ1x1iþβ2x2iþεi ð18Þ

di ¼ X0
iβþϵi ð19Þ

where, X0
i is the matrix representing state variables, β is matrix

representing the estimation coefficients and εi is the error for i th
observation and diAD. The M-estimator minimizes the objective
function ρ given in Eq. (20).

Xn
i ¼ 1

ρðεiÞ ¼
Xn
i ¼ 1

ρðdi�X0
iβÞ ð20Þ

The objective function used in this paper is the Tukey-bisquare
function given in Eq. (21):

ρðεÞ ¼
k2

6 1� 1� ε
k

� �2h i3� �
for εj jrk

k2

6 for εj j4k

8><
>: ð21Þ

where k is the tuning constant of the objective function.
Eq. (20) can be rewritten as Eq. (22). Eq. (22) represents a

weighted least squares problem and can be solved iteratively using
the weighted least squares algorithm:

Xn
i ¼ 1

wiðbi�X0
iβÞX0

i ¼ 0 ð22Þ

where wi¼w(εi) and w(ε)¼ψ(ε)/ε and ψ¼ρ0.
The coefficients α, β1 and β2 computed are used to estimate the

value of duty cycle as a linear function of state variables. In this
work two possible robust regression based RL strategies were
explored. In the first approach, robust regression is applied to the
policy function directly-policy regression based RL (PRRL) algo-
rithm and in the second approach, robust regression was applied
to the value function-value regression based RL (VRRL) algorithm.
The duty cycle values computed by PRRL algorithm may have
values above 0.9 and below 0.1 which are not feasible in the boost
converter problem considered. So the duty cycle values above
0.9 and below 0.1 are rounded off to 0.9 and 0.1 respectively. PRRL
and VRRL algorithms are given in Table 2 and Table 3 respectively.
In VRRL approach the control policy function for the continuous
state space is computed from the value function learned over the
discretized state space using robust regression.
4. Results

A benchmark boost converter system with circuit parameters
given in Sundareswaran and Sreedevi (2009) was considered. The
values of the circuit parameters are Vin¼36 V, L¼33 mH, rL¼3 Ω,
RLoad¼100 Ω, C¼1000 μF, rC¼0.5 Ω, f¼2 kHz and VO

desired¼80 V.
Here f is the frequency of the PWM signal. In this work the state
variables x1 and x2 were discretized into 10 and 1000 levels
respectively (N1¼10 and N2¼1000) and the duty cycle was dis-
cretized into 10 levels (ND¼10). The range of values considered for
the state variables and actions are: x1A[0,5], x2A[0,100] and dA
[0.1,0.9] respectively. The diode and switch shown in Fig. 2 are



Table 2
Policy regression RL (PRRL) algorithm.

(1) Define R(x), γ, and VO
desired.

(2) Discretize x1, x2 and d into N1, N2 and ND states respectively.
(3) For each state x, initialize V(x):¼0.
(4) Repeat for N iterations

Repeat for every state
VðxÞ : ¼ RðxÞþγmax

dAD
V�ðx0Þ

End
End

(5) Repeat for each state
π�ðxÞ : ¼ argmax

dAD
V�ðx0Þ

End
(6) Use x and π*(x) to calculate the coefficients α, β1 and β2 using robust
regression analysis with Tukey-bisquare function as the objective function.
Let ~π *(x) computed using the regression coefficients be the approximation to
π*(x).

(7) For continuous control, do the following
(i) Sense the current state xcurrent
(ii) Compute ~d(xcurrent)¼ ~π *(xcurrent)

(iii) Set the duty cycle value to ~d(xcurrent)
(iv) Go to (i)

Table 3
Value regression RL (VRRL) algorithm.

(1) Define R(x), γ, and VO
desired.

(2) Discretize x1, x2 and d into N1, N2 and ND states respectively.
(3) For each state x, initialize V(x):¼0.
(4) Repeat for N iterations:

Repeat for every state:
VðxÞ : ¼ RðxÞþγmax

dAD
V�ðx0Þ

End

End

(5) Use x and V*(x) to find the coefficients α, β1 and β2 using robust regression.

Let ~V *(x) computed using the regression coefficients be the approximation to
V*(x).

(6) For continuous control, do the following
(i) Sense the current state xcurrent
(ii) Compute ~dðxcurrentÞ ¼ ~π �ðxcurrentÞ ¼ argmax

dAD
~V
�ðx0Þ

(iii) Set the duty cycle value to ~d(xcurrent)
(iv) Go to (i)
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considered to be ideal. The duration for the simulation was taken
to be 500 ms.

The performance of pure the RL based control policy with
reward function given in Eq. (16) is shown in Fig. 4 and the output
voltage in steady state is shown in Fig. 5. The values of k1 and k2
were considered as 10 and 1 respectively in the reward function.
The output voltage oscillates between 81.25 V and 78.5 V giving a
non-uniform peak to peak ripple of 2.75 V with an average value of
80 V.

The performance of pure RL strategy with reward function Eq.
(17) with k3 as 100 is shown in Figs. 6 and 7. From Fig. 6, it can be
observed that the output voltage has lower non-uniform ripple
compared to Fig. 4 and that the steady state output voltage
oscillates between 80.1 V and 78.4 V with a DC value of 79.5 V.

The robustness of the RL control strategy can be tested by
observing the change in the output voltage when RLoad is changed
from its nominal value of 100Ω. Table 4 shows the percentage
change in load voltage (voltage regulation) when the load resis-
tance in varied. Since the voltage regulation obtained is within 2%
the RL control strategy is robust to load variations.

The plot of the optimal value function with reward functions R1
given in Eq. (16) and R2 given in Eq. (17) are shown in Figs. 8 and 9
respectively. A comparative plot of duty cycle variation in the
steady state, for a boost converter with reward functions R1 and R2
is given in Fig. 10. From Fig. 10, it can be observed that the optimal
control policy with reward functions R1 and R2 are significantly
different.

The effect of the choice of discount factor ‘γ’ on the control
performance of boost converter is shown in Fig. 11. Simulation
results indicate that when γ is chosen between 0.9 and 0.7, the
output voltage converges to 79.5 V (a value near to the desired
output voltage). As γ decreases from 0.9 to 0.7 an increase in rise
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Fig. 7. Magnified view of the output voltage of the boost converter in steady state
for the pure RL strategy and reward function R2.

Table 4
Variation of the load voltage with load for the RL control strategy.

RLoad (Ω) Change in RLoad (%) Load regulation (%)

110 10 �0.15
120 20 �0.39
130 30 �0.73
140 40 �0.83
150 50 �0.93
160 60 �1.00
170 70 �1.05
180 80 �1.14
190 90 �1.15
200 100 �2.00
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Fig. 8. Plot of the optimal value function versus the state variables for the pure RL
strategy and reward functions R1.
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Fig. 9. Plot of the optimal value function versus the state variables for the pure RL
strategy and reward functions R2.
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Fig. 10. Control actions taken by the pure RL controller in steady state for reward
functions R1 and R2.

Fig. 11. Effect of variation of discount factor (gamma), on control performance with
the pure RL strategy and reward function R2.
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time of the output voltage is observed. This degradation in per-
formance is due to the higher weight assigned to immediate
rewards compared to delayed rewards when γ is decreased as
given by Eq. (12). Further decrease in γ to 0.6 and 0.5 made the
output voltage settle at 70 V (a value much smaller than the
desired output voltage of 80 V). The above results indicate that the
choice of discount factor γ is critical in achieving good step
response.

The output voltage of a boost converter using PRRL controller
with reward functions R1 and R2 are shown in Figs. 12 and 14
respectively. This shows a robust response when compared to the
response obtained using the pure RL based controller. The steady
state output voltages in Figs. 13 and 15 show an oscillation of
output voltage between 79.4 V and 80.6 V, with a peak to peak
uniform ripple of 1.1 V and an average DC value of 80 V. A com-
parative plot of duty cycle in steady state for RL based controller
and PRRL controller with reward functions R1and R2 are given in
Figs. 16 and 17 respectively. Both the plots show that the duty cycle
value for a regression based controller is constant in steady state.
Plot of the optimal value function with robust regression based
interpolation is shown in Fig. 18. The plot of output voltage of the
boost converter with the VRRL controller is given in Fig. 19. This
shows that the steady state output voltage has a DC value of 100 V
which is not the desired output voltage. So the PRRL control
strategy performs well when compared to the VRRL control
strategy. Comparing Figs. 14 and 19 it can be seen that the PRRL
strategy performs better than the VRRL strategy. The regression
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Fig. 12. Control of the boost converter output voltage with the PRRL strategy and
reward function R1.
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Fig. 13. Magnified view of the output voltage of the boost converter in steady state
for the PRRL strategy and reward function R1.
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Fig. 14. Output voltage of a boost converter using PRRL based control policy with
reward function R2.
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Fig. 15. Magnified output voltage of a boost converter in steady state using PRRL
control policy with reward function R2.
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Fig. 16. Control actions taken by the pure RL and PRRL controllers in steady state
for reward R1.
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Fig. 17. Control actions taken by the pure RL and PRRL controllers in steady state
for reward R2.
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coefficients computed using VRRL algorithm are given in Table 5.
The PRRL control strategy performs better as it attempts to learn
the optimal control policy directly instead of indirectly from the
value function as done by the VRRL strategy.

The parameter settings used to generate the results in this
paper are presented in Table 5.

The plots of inductor current (state variable x1) of a boost
converter trained using reward function R1 for an RL based
controller and PRRL controller are given in Figs. 21 and 22
respectively. Fig. 20 shows a non-uniform charging and dischar-
ging pattern whereas Fig. 21 shows an even charging and dis-
charging of the inductor. Thus the control policy learnt by a pure
RL strategy is oscillatory. The control policy of the PRRL controller
is a constant in steady state and results in a small uniform ripple in
the output voltage as indicated in Fig. 13.

Best policy as a function of state variables for the pure RL and
PRRL based control strategies are shown in Figs. 22 and 23
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Fig. 18. Plot of the optimal value function versus the state variables for the VRRL
strategy.

0 0.1 0.2 0.3 0.4 0.5
0

20

40

60

80

100

120

time (s)

O
ut

pu
t v

ol
ta

ge
 (V

)

Fig. 19. Control of the boost converter output voltage with the VRRL strategy.

Table 5
Parameter settings for different algorithms.

Algorithm k1 k2 k3 α β1 β2

PRRL (with R1) 10 1 – 0.3265 �0.1191 0.0069
PRRL (with R2) – – 100 0.9791 �0.0941 �0.0019
VRRL (with R2) – – 100 �1.5457e5 4.4252e3 1.2202e3
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Fig. 20. Plot of inductor current (state variable x1) of a boost converter in steady
state using RL control policy.
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Fig. 21. Plot of inductor current (state variable x1) of the boost converter in steady
state using PRRL control policy.

0
2

4
6

0
60

120
0

0.5

1

xx2

D
ut

y 
cy

cl
e

Fig. 22. Plot of the control action versus state variables for the pure RL based
controller with reward function R1.
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Fig. 23. Plot of the control action versus state variables for the policy regression
based RL controller with reward function R1.
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respectively. The plot of best policy using PRRL algorithm results in
a smoother surface which helps in continuous control of the boost
converter. The control surface shown in Fig. 23 is piecewise linear
but not linear. Any linear function in two state variables x1 and x2
must necessarily be of the form ax1þbx2 (or geometrically a plane)
with a constant gradient. This is clearly not the case here since the
gradient of the control surface is different in different regions
(bends in the surface).

The control surface (Fig. 23) exhibits nonlinear saturation
effects and constrains the control action (duty cycle) in the range
[0,1] on the other hand a linear function is always unbounded and
hence cannot constrain its output within a finite range. Any linear
function must necessarily be unbounded since L(cx)¼cL(x) and c
can be taken to be arbitrarily large. Also linear functions are



Table 6
Comparison of different control strategies.

Control Algorithm % Overshoot Rise time
(ms)

Settling time
(ms)

RL (R1) 0.2536 0.0665 0.4975
RL (R2) 0.4149 0.0424 0.0626
PRRL (R1) 0 0.0835 0.2893
PRRL (R2) 0 0.0392 0.1308
PID (Sundareswaran and
Sreedevi, 2009)

0 35.6 0.1600
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differentiable and have a well-defined gradient (first derivative) at
each point. However the gradient of the control surface in Fig. 23
changes discontinuously (bends in the control surface) and hence
the control policy is highly nonlinear and non-differentiable (no
unique derivative at all points). Thus the control policy is highly
nonlinear. Fig. 22 which shows the control surface for the pure RL
approach is also highly irregular and nonlinear. A comparison of
Figs. 22 and 23 show that the proposed robust regression
approach results in a smoother nonlinear control surface.

A comparison of dynamic step response parameters for the RL
based nonlinear control strategies presented in this paper and
linear strategies from literature is presented in Table 6. Table 6
indicates that the performance of the PRRL boost converter control
strategy is significantly better than other nonlinear RL based
strategies as well as linear control strategies.
5. Conclusions

Control of power converters like boost converters is a chal-
lenging nonlinear control problem since the model of the con-
verter depends on the states of the switching devices. Power
converters are finding increasing application in key areas so the
development of general nonlinear optimal control strategies for
effective control of power converters is of interest. In this paper
the boost converter control problem is reformulated as an optimal
sequential decision and solved using the framework of MDP and
RL. Two RL based strategies (PRRL and VRRL) that achieve optimal
control of the nonlinear boost converter system were explored.
The PRRL strategy which attempts to learn the optimal control
policy directly performed better than the indirect VRRL strategy.
The PRRL strategy overcomes the problem of oscillation and
overshoot in the output voltage associated with linear and pure RL
control strategies. Simulation results indicate PRRL strategy pro-
posed in this paper is an effective approach for optimal control of
boost converter systems. A limitation of the approach proposed in
this paper is the dependence of this approach on the availability of
an accurate state space model of the boost converter system.
Accurate state space models can be easily constructed for low
frequency converters however significant parasitic effects com-
plicate the models of high frequency (30–300 MHz) converters.
Thus for high frequency converter control applications alternate
model-free RL approaches can be explored. Since the policy
function exhibits sudden changes in value, the PRRL approach can
possibly be improved by using wavelet based function approx-
imation techniques which can model sharp discontinuities in the
policy function. The application of the PRRL strategy proposed in
this paper to a variety of more complex power converter control
problems can also be considered for future work.
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