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Abstract—The maximum power points (MPPs) of photovoltaic
(PV) panels vary with atmospheric conditions (solar irradiance,
ambient temperature, shading conditions, etc.). Simulation plat-
forms are widely used by engineers and scientists to create
models, analyze data, and develop algorithms for the maximum
power point tracking (MPPT) of PV systems. However, the
behavior, which the algorithm develops in simulations, is usually
specific to the characteristics of the models. Strategies that
succeed in simulations may not be victoriously transferred to the
real world because the modeling errors and sensor noise. In this
paper, we create a dynamic model of the PV system only based
on the data-sheet from manufacturers. A sim-to-real transfer
strategy is proposed for the maximum power point tracking of
PV systems. By dynamically randomizing the environments for
the agent during the training, the proposed policy can adapt to
very different atmospheric conditions. Simulations show that the
proposed strategy can maintain a similar level of performance
when deployed on the real PV panels.

Index Terms—photovoltaic systems, dynamics randomization,
deep reinforcement learning, maximum power point tracking

I. INTRODUCTION

As an affordable, renewable, and clean power source, the

solar energy has widely expanded in the past decades. Pho-

tovoltaic (PV) panels, which have non-linear current-voltage

(I-V) and power-voltage (P-V) characteristics, are commonly

used to harvest electric power from solar energy [1]. The

panel’s output characteristic is considerably dependent the

atmospheric conditions (solar irradiance, ambient temperature,

etc.). Therefore, it is necessary to track the maximum power

points (MPPs) so that the PV systems can ensure the optimal

power extraction.

This research is supported by the Natural Science Foundation of China
(Grant No. 61702353,62002296), the Natural Science Foundation of Jiangsu
Province (Grant No. BK20200250), the Suzhou Science and Technology
Project-Key Industrial Technology Innovation (Grant No. SYG202006), Qing
Lan Project of Jiangsu Province, the Key Program Special Fund of Xi’an
Jiaotong-Liverpool University (XJTLU), Suzhou, China (Grant No. KSF-A-
19, KSF-E-65, KSF-P-02, KSF-E-54), the XJTLU Research Development
Fund (Grant No. RDF-17-02-04), and the XJTLU Postgraduate Research
Scholarship (Grand No. PGRS1906004).

There are many maximum power point tracking (MPPT)

algorithms that have been introduced during the past years.

Most of these algorithms are based on the accurate model

of the PV panels. The methods for the modeling of the PV

panels can be categorized into two main types: parameter iden-

tification and datasheet-based estimation. The former needs

a specially designed PV system analyzer and an elaborately

calibrated photometer. Besides, its accuracy is based on the

choice of the models and parameter estimation algorithms. The

latter is criticized for its inaccuracy as manufacturers provide

only limited information about the PV panels (The open-circuit

voltage Voc, the short-circuit current Isc, the maximum power

point voltage Vmpp, the maximum power point current Impp,

and the maximum power Pmpp under standard test conditions).

In [2], different models are reviewed and compared. The com-

parison results indicate that the accuracy of different modeling

methods varies significantly under different irradiance and

temperature conditions. Wang Shinong et al. [3] developed

an improved mathematical model of the PV panels based on

datasheet information. However, the validity of this model is

only proved by the simulation data. While significant efforts

have been devoted to modeling higher fidelity PV simulators,

the current research shows that it is still difficult to describe the

complex behaviors of the PV panels under various atmospheric

conditions.

Deep reinforcement learning (DRL) has been shown to be

an effective and optimal framework for the MPPT problems

[4]. In simulation, agents have been developed to generate

optimal strategies of challenging tasks. Unluckily, many of the

capabilities demonstrated by simulated agents have often not

been realized by their physical counterparts. In other words,

the ‘Sim-to-Real’ problem precludes the direct application of

DRL based MPPT methods to real world systems. To bridge

the ‘Sim-to-Real’ gap, an approximate PV panel model is first

established according to the specifications of the datasheet.

With domain randomization, the source domain is created with

variability. In the environment created from the randomized
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source domain, the agents could learn the optimal strategy by

the actor-critic framework. Furthermore, we use the real world

experiments to prove the effectiveness of the proposed ‘Sim-

to-Real’ transfer with dynamics randomization framework.

The rest of the paper is organized as follows. The datasheet-

based PV model and the proposed dynamically randomized

single diode model (DR-SDM) is described in Section II, the

proposed sim-to-real transfer with dynamics randomization

framework is presented in Section III, Section IV gives the

simulation results, Section V concludes this paper.

II. MODELING OF PV PANELS

The single diode model of a PV panel offers a reasonable

trade-off between simplicity and accuracy [5]. Fig. 1 shows

the equivalent circuit of a PV panel. Eq. (1) shows the

mathematical equation for characterizing the I-V curves of a

PV panel:

I = Iph − I0[exp(
V + IRs

aVt

)− 1]−
V + IRs

Rsh

(1)

where Iph is the photo-generated current, I0 is the reverse

saturation current of the diode, Ns is the number of PV cells

connected in series on the specified PV panel, q is the electron

charge constant (1.602176634×10−19 C)1, k is the Boltzmann

constant (1.38065×10−23 J/K)2, T is the temperature of the

PN junction, η is the diode ideality constant, Rs is the series

resistance, and Rsh is the shunt resistance.

G

I

V
Rs

Rsh

Fig. 1: Single diode PV model [6].

Villalva et al. [7] used the short circuit current temperature

coefficient µI and the open circuit voltage temperature coeffi-

cient µV to estimate I0, as shown in Eq. (2):

I0 =
Isc,stc + µI(T − Tr)

exp(
q(Voc,stc+µV(T−Tr))

nNskT
)− 1

(2)

The ideality constant η can be taken as a constant according

to the material of PV cells [8].

12018 Committee on Data for Science and Technology (CODATA) recom-
mended values

22019 redefinition of the SI base units

In Eq. (1), the unknown parameters Rs and Rsh can be

estimated from the Eq. (3) [3]:

Rsh =























Vmpp,stc + Impp,stcRs

Isc,stc + I0 − Impp,stc − I0e
(
q(Vmpp,stc+Impp,stcRs)

nNskTr
)

Vmpp,stc − Impp,stcRs

Impp,stc +
qI0(Impp,stcRs−Vmpp,stc)

nNskTr
e(

q(Vmpp,stc+Impp,stcRs)

nNskTr
)

(3)

There must be a pair of resistances Rs and Rsh such that

the Eq. (2) holds. From the above discussions, the Rs, Rsh, I0,

Iph, and n can be estimated so that the output characteristics

of the specified PV panel can be assessed. However, the

single diode model described in Eq. (1) is only suitable for a

single PV panel under uniform irradiation conditions (UIC).

As shown in Fig. 2(a), when a single PV panel under partial

shading conditions (PSC), its output characteristics will exceed

the description of the single diode model with fixed parameters

as shown in Fig. 2(b). Therefore, the dynamically randomized

single diode model (DR-SDM), is introduced to provide a

model with richer description capabilities than the single diode

model.
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80% 1000W/m

20% 800W/m

Case 3
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80% 800W/m
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Case 1
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2 2

2

2

2

22

2

2

2

(a) PV panels under different working conditions
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(b) I-V and P-V characteristics of a PV panel under different working
conditions as described in (a)

Fig. 2: The current-voltage (I-V) and power-voltage (P-V)

output characteristics of a PV panel vary from the shading

conditions.

In the DR-SDM, the parameters Rs, Rsh, I0, Iph, and n are

extended to the random numbers R̂s, R̂sh, Î0 and Îph which

are conforming to the given Gaussian distribution. For R̂s,

its lower bound is 0.5×Rs and upper bound is 1.0×Rs. For
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R̂sh, its lower bound is 0.1×Rsh and upper bound is 10×Rsh.

[0.1×I0, 10×I0] could be adopted for Î0 due to the I0 may vary

within a large range. It is well known that the photo generated

current is linearly related to solar irradiance. Therefore, Îph is

set to with in the range of [0.95× Iph, 1.05× Iph].

III. DEEP REINFORCEMENT LEARNING APPROACH FOR

MPPT

This paper proposes a dynamics randomized model based

deep reinforcement learning approach to solve the MPPT

control problem. The proposed deep reinforcement learning

approach is able to solve the problem without knowing

the explicit behavior of the PV system and only relies the

dynamically randomized model created from the data-sheet

information.

Environment

State

Observations

Value DNN

Policy DNN

Reward

Action

Critic

Actor

G

I

Rs

Rsh
V

+

_

Dynamically randomized single diode model 

(DR-SDM)

Fig. 3: System architecture for the proposed DDPG with DR-

SDM MPPT system (99K means the element is dynamically

randomized).

A. MPPT Reinforcement Learning Problem

Ordinarily, a reinforcement learning problem is defined

by the state space, the action space, the reward and the

transition. In the proposed method, the state vector is chosen as

[ V
Voc,STC

, I
Isc,STC

, V×I
Pmpp,STC

], where the Voc,STC, Isc,STC, and Pmpp,STC,

is the open-circuit voltage, the short-circuit current, and the

power output of the PV panel under standard test condition

(STC), separately. Besides, the V and I stands for the real-

time output current and voltage of the PV panel. For the MPPT

control problem, an action is taken that corresponds to a value

in ±100%Voc,STC for the manipulated variable V . In order to

locate the MPP, the real-time power output P = V × I is

chosen to be the reward.

Given the observations and actions, a deep deterministic

policy gradient (DDPG) agent [9] approximates the long-term

reward using a critic value function representation which is

a deep neural network with two inputs, the observation and

action, and one output. Similarly, an actor DNN is created

where a DDPG agent decides which action to take using

an actor representation. This DNN is with one input, the

observation, and one output, the action. The reinforcement

learning system configuration is shown in Fig. 3, and its

training algorithm is shown in Algorithm. 1.

Algorithm 1: Description of the training algorithm

for episode ≤ MAX EPISODES do
Reset the PV system with randomized dynamics.

Get the initial observation s0 from the system.

Compute and apply the initial action a0 = µ(s0).
Obtain the current observation.

while step ≤ MAX STEPS do
Apply action a to the system.

Obtain the next observation s′.
Obtain the reward r = V×I

Pmpp,STC
.

Learn from the experience set (s, a, r, s′).
Compute the next action a′ = µ(s′).
Update the current action and observation.

end

end

IV. SIMULATION AND EXPERIMENTAL RESULTS

To train the DDPG agent, we set the algorithm run at most

50000 episodes in the training session, with each episode

lasting at most 10 time steps. Fig. 4 shows the average reward

value during the training. It can be seen that the reward value

keeps increasing until it converges as the training progresses.

It shows that the proposed training algorithm with DR-SDM is

effective. Because the training environment is more complex,

DDPG with DR-SDM uses a longer training time to achieve a

stable performance than other methods. Because of the discrete

action space, the final reward of the DQN algorithm is smaller

than other algorithms.

0 1 2 3 4 5

Episodes 10
4

0

0.2

0.4

0.6

0.8

1

P
ac

c

DQN

DDPG with DR-SDM

DDPG

Fig. 4: Average reward of Pacc per episode.

We tested the trained agent within the simulation envi-

ronment to validate its performance. In the valid test, 1000

episodes with different ambient conditions were used. The

performance of the proposed algorithm is compared with two

Authorized licensed use limited to: ULAKBIM UASL - GAZI UNIV. Downloaded on November 17,2022 at 03:31:56 UTC from IEEE Xplore.  Restrictions apply. 



existing advanced MPPT methods, including deep Q-newwork

(DQN) based MPPT algorithm [10] and the deep deterministic

policy gradient (DDPG) based MPPT algorithm [11]. Tracking

accuracy of power Pacc, which is expressed by Eq. (4) was

used in the tracking performance evaluation.

Pacc =
Pest

PGMPP

(4)

in which the Pest is the tracked PV power, and Vest is the

tracked PV voltage. TABLE. I shows the average test results

of the Pacc in the simulation and real-world environment

PV datasets, where we can see that the proposed DDPG

with DR-SDM method gets the best result in the real-world

environment. Besides, the proposed DDPG with DR-SDM

method also results in the smallest sim-to-real transfer cost,

which means that the proposed policy can adapt to very differ-

ent atmospheric conditions in the real-world by dynamically

randomizing the environments for the intelligent agents during

the training.

TABLE I: Average Test Results of Pacc

Method

DDPG

with

DR-SDM

DDPG DQN

Simulation 0.9891 0.9261 0.9932

Real-world 0.9692 0.8742 0.8983

Sim-to-Real Cost 0.0199 0.0519 0.0949

V. CONCLUSION

A DDPG with DR-SDM MPPT method for the PV system,

using only the datasheet information from the PV manufac-

turers, is presented in this paper. The proposed method can

effectively increase the MPPT efficiency, accuracy and speed

due to the DR-SDM provides a more reasonable training envi-

ronment. Compared with some advanced DQN-based MPPT

methods, the method proposed in this article can better adapt

to the real-world environment.
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