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Abstract—This paper analyzes the effect of noise on sev-
eral maximum power point tracking (MPPT) algorithms for
photovoltaic systems. Noise is an essential consideration for
optimization of MPPT algorithms. For example, for a perturb
and observe algorithm, the perturbation size must be big
enough to produce a signal larger than the measurement
noise; however, the larger the perturbation, the farther the
system will deviate from the maximum power point (MPP) in
steady-state. There is also a tradeoff with respect to tracking
speed, as slower tracking allows for more averaging of the
signals, mitigating the noise. The effect of noise and other
parameters on tracking performance is quantified, leading
to an optimization of the system parameters to provide the
best tracking accuracy for a specified tracking speed. The
performance of the various algorithms is compared, and the
analysis is verified by both simulations and experiments.

Index Terms—Noise, MPPT, maximum power point track-
ing,photovoltaic systems

I. Introduction

Maximum power point tracking (MPPT) has become a
standard technique for high-performance photovoltaic sys-
tems. An intelligent controller adjusts the voltage, current,
or impedance seen by a solar array until the operating point
that provides maximum power for the connected array in
the present temperature and insolation conditions is found.
There is a large body of literature describing MPPT control
techniques, including the surveys [1] and [2]. Although the
established techniques are routinely implemented in indus-
try, and generally give satisfactory performance, publication
on the topic continues to accelerate, with over a hundred
in the last decade [1], in part because of the importance
of getting the best possible output from an expensive solar
array.
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Noise fundamentally limits performance of MPPT algo-
rithms. Key performance metrics for an MPPT algorithm
include tracking speed and accuracy [3]. However, the
effect of noise in the measurement of power output often
fundamentally constrains tracking accuracy. Noise can also
affect tracking speed in some cases. Standard tracking algo-
rithms involve directly or indirectly introducing a periodic
perturbation in the operating point in order to measure the
slope of some characteristic. This perturbation reduces the
power obtained from the solar panel because the panel is no
longer operated consistently at the maximum power point,
even if the algorithm has successfully found that point. This
provides an incentive to reduce the size of the perturbation.
However, as the size of the perturbation is reduced, the
signal-to-noise ratio in the measurement of the slope is
degraded. This is particularly important in methods that re-
quire a current measurement, as some current measurement
methods (e.g. Hall-effect transducers) are inherently noisy
[4], and the use of a sense resistor entails a tradeoff between
signal-to-noise ratio in the measurement and power loss in
the resistor [5].

Much of the recent literature on MPPT algorithms ad-
dresses means of improving tracking speed and accuracy
without directly addressing the influence of noise [6], [7],
[8]. The importance of noise is acknowledged in only
a relatively small subset of the literature on MPPT and
is sometimes used to motivate particular algorithms or
hardware configurations [3], [9]–[18], but with very few ex-
ceptions [19], the impact of the noise is not analyzed quan-
titatively. In this paper, we develop quantitative analysis of
the impact of noise on several common MPPT algorithms,
which leads to an optimization of system parameters. The
performance characteristics of the optimized algorithms
are compared, and the results are verified through sim-
ulation and experimentation. Although we consider only
photovoltaic applications, maximum power point tracking
is important for other applications as well, including wind
power [20], [21], [22] and energy harvesting [23].
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II. Perturb & Observe Algorithm

First, we consider the perturb and observe (P&O) track-
ing algorithm. For this algorithm one simply changes a
variable X, which could be a voltage, current or duty cycle
(D), that influences the operating point of the array, by
a fixed ∆X each period, ∆T , of the tracking system, and
measures the power output of the array to determine how
to change X next [1], [2]. For example, if one uses a buck
converter with a constant-current load, this will result in
power vs. duty cycle, D, curves like those shown in Fig 1.
One changes D by a fixed amount each ∆T and looks at
the change in output power to determine how to change
D next. There will be noise in the power measurement,
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Fig. 1: Power vs. D for a fixed temperature and irradiance.

and this could cause the algorithm to change D in the
wrong direction, leading to less efficient tracking of the
MPP. In this section, we analyze the effect of this noise,
refining and extending the work we first presented in [24].
Section II-A presents an approximate method for analyzing
the effect of noise on the steady-state efficiency of the
perturb and observe algorithm, leading to an optimization
of the perturbation size, ∆X, for a fixed, nominal slew rate,
∆X/∆T . The actual slew rate will depend on the noise
and system parameters, and a full discussion of this can
be found in [24]. Then, Section II-B analyzes a modified
version of perturb and observe which can achieve higher
steady-state efficiency along with a similar noise analy-
sis to quantify the improvement over the simple perturb
and observe algorithm. This is followed by Section II-C,
which provides simulation results, verifying the analysis.
(Experimental results are provided in Section V.) Finally,
Section II-D presents an improved analysis for the perturb
and observe algorithm for cases where the assumptions
made in Section II-A are not valid.

A. Noise Effect on Steady-State Efficiency of Perturb and
Observe

The steady-state efficiency of an MPPT algorithm is
defined here as the ratio of the average output power to the
power at the MPP, and this will be influenced both by the
system parameters and the noise in the power measurement.
A full discussion of this can be found in [24]. Around
the MPP, the slope of the power vs. X (where X is often
duty cycle, D) curve is close to zero, and perturbations in
operating point result in very small changes in the power
signal. With just a little noise, the signal there is almost
completely lost, resulting in a near-random walk, which
will lead to some loss in efficiency.

In fact, the entire P&O algorithm can be defined as
a semi-random walk, where at each X value, there is a
probability of taking a step to the right or to the left. There
are a finite number of X values, and one can define a vector,
uk, which holds the probability of being at each possible X
value at time step k. This vector sums to one. Then, one can
determine the probability, uk+1, of being at each possible X
value after one time step, ∆T , by

uk+1 = ukP, (1)

where P is an ergodic transition matrix for a Markov chain
[25], which will be derived below. The transition matrix can
also be used to find the steady-state probability distribution,
u∞, and thus steady-state efficiency, which will also be
derived.

First, in order to create the transition matrix one must
derive the probabilities of going left or right at each possi-
ble X value, which will depend on the system parameters
and the noise. Typically, duty cycle, D, is used for X,
as that is what one often has control over in the power
conversion system. However, X will be used in order to
emphasize the generality of the analysis, and D will be
substituted for X for the particular example given. For
this analysis, the noise considered is Gaussian white noise
that shows up on the power measurement of the array.
We assume the signal representing the output power is
integrated during the period between decisions, and so
the standard deviation of the noise being added to each
measurement of power is σn = Pn/

√
∆T , where Pn is a

constant with units volts/
√

Hz. When the system makes a
decision about whether to increase or decrease X, it looks at
the change in power from the previous step to the current
step (∆P). At each point on the power vs. X curve, the
signal that will be seen is m∆X, where m is the slope of
the curve. This assumes that ∆X is small enough that the
slope of the power vs. X curve is reasonably constant over
a span of ∆X; when this is not valid, the more rigorous
analysis presented in Section II-D must be used. In order
for the algorithm to make the wrong decision about whether
to increase or decrease X, the noise must have a magnitude
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greater than |m∆X| and a sign opposite to that of the slope.
Also, because the signal used, ∆P, comes from subtracting
two power measurements, the standard deviation of the
noise added to the signal is

√
2σn, due to samples of

Gaussian noise being uncorrelated. The noise will have a
Gaussian distribution, and due to the symmetry of the error
function and based on the Q-function or tail-probability
function, the probability of going to the left is

Ple f t =
1
2
− 1

2
er f

(
m∆X
2σn

)
, (2)

and the probability of going to the right is

Pright = 1 − Ple f t =
1
2
+

1
2

er f
(

m∆X
2σn

)
, (3)

except for at the limits of X. If X = Xmin, the probability
of going right (or increasing X) is one; and if X = Xmax,
the probability of going left (or decreasing X) is one. In
the case where one is using duty cycle for X, these limits
would be at duty cycles of zero and one, respectively.

Using equations (2) and (3) to find the transition prob-
abilities, the P&O method Markov chain [25] ergodic
transition matrix is

P =



0 1 0 0 · · · · · · · · · 0

PL1 0 PR1 0
...

0 PL2 0 PR2
. . .

...

0 0 PL3 0
. . .

. . .
...

...
. . .

. . .
. . .

. . .
. . .

...
...

. . .
. . . 0 PR(n−1) 0

...
. . . PLn 0 PRn

0 · · · · · · · · · · · · 0 1 0



,

where the probabilities of going left or right at each X
value fill the diagonals around the central zero diagonal,
with each row summing to 1.

Now, recall the row vector uk, which represents the
percent chance of being at each of the X values at time
step k. The probability distribution at time step k + n is
uk+n = ukPn. To get the steady-state solution, one can
use a large value of n, but because one does not know
how large a value is sufficient, it is better to solve the
equation u∞ = u∞P for u∞, which will be the steady-state
distribution and is the left eigenvector of P corresponding
to the eigenvalue of 1. So, for each set of parameter values
(such as noise, ∆X, and frequency), one can determine the
probability distribution function (pdf) at steady state and
then calculate the efficiency,

η =

∑
X pd f (X) · Power(X)

Power(Xopt)
, (4)

where pd f (X) is the probability of being at that X value in
steady state, Power(X) is the power output at that X value,
and Xopt is the value of X where Power(X) is maximized.
Example pdfs are shown in Fig. 2 for an example system
comprising a buck converter with a constant-current load,
in which duty cycle, D, replaces X. Here, as well as in
the rest of Section II, the power vs. D curve used is for
Gt = 0.7 and Iload = 5 A as in Fig. 1.
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Fig. 2: Probability densities at steady state with noise. ∆T =
1.583 ms. Red line is D for maximum power.

The effects of sampling frequency and ∆D on efficiency
can be seen in Fig. 3(a). The efficiency goes up as sampling
frequency decreases because lowering the frequency effec-
tively decreases the noise. Decreasing ∆D also increases
the efficiency, and this is due to the oscillations around
the MPP decreasing as ∆D decreases. However, the effi-
ciency improvements due to decreasing ∆D are asymptotic,
approaching a maximum possible efficiency for the given
sampling frequency, and this is due to the signal-to-noise
ratio decreasing as ∆D is decreased. Making ∆D smaller
and smaller will yield smaller and smaller improvements
in the efficiency while greatly decreasing the reaction rate
of the controller.

Recall that the two main metrics of a MPPT algorithm
are its tracking accuracy and reaction rate. Given a desired
reaction rate, the design problem is to achieve the highest
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Fig. 3: Efficiency plots for noise constant, Pn = 1.25 × 10−4 V√
Hz

.
Each line of the efficiency vs. slew rate plot is at a constant
sampling frequency. The two plots are generated from the same
data.

tracking accuracy or efficiency while maintaining the de-
sired reaction rate. For the perturb and observe algorithms
considered here, the reaction rate is a slew rate, ∆D

∆t , so what
one really needs for design purposes is a plot of efficiency
versus nominal slew rate1, as shown in Fig. 3(b). Note that
Fig. 3(b) was produced for a specific amount of noise and
power vs. D, so it is not universally applicable. However, a
similar figure can be produced for any amount of noise and
power curve using the analysis described in this section.

B. Perturb and Observe with Added Forced Oscillation

One enhancement that can be made to the perturb and
observe algorithm is to add a constant oscillation on top of
the normal change in X, as this will improve the signal-to-
noise ratio. As will be shown here, this approach is able to
achieve higher steady-state efficiencies for the same slew
rate.

The update equation for normal perturb and observe is

X[k + 1] = X[k] + ∆X sgn
(

P[k] − P[k − 1]
X[k] − X[k − 1]

)
, (5)

1The true slew rate will be degraded by the noise, as was discussed in
[24], but this simply means one should design for a slightly higher slew
rate than is desired.

where P is the output power of the system. Adding the
forced oscillation results in the update equation becoming

X[k + 1] = X[k] + ∆Xp(−1)k + ∆X sgn
(

P[k] − P[k − 1]
X[k] − X[k − 1]

)
,

(6)
where ∆Xp is the size of the added oscillation or perturba-
tion. This method simply adds a square-wave perturbation
on top of the normal perturb and observe algorithm. With
this added perturbation, the probability of going left be-
comes

Ple f t =
1
2
− 1

2
er f

(
m∆Xp

2σn

)
, (7)

with Pright = 1−Ple f t. This is a good approximation as long
as ∆Xp is much larger than ∆X, so that the perturbation in X
is dominated by ∆Xp. When ∆Xp and ∆X are close, a better
approximation is to average the transition probabilities for
the step sizes ∆Xp ± ∆X, as those are the actual step
sizes that will be taken. Fig. 4 was produced using these
probabilities in the same way Fig. 3(a) was produced, using
Markov transition matrices. It shows how the steady-state
efficiency depends on both ∆X and ∆Xp for a fixed slew
rate. Again, for the example system considered here, duty
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Fig. 4: Efficiency vs. ∆D and ∆Dp for Pn = 1.25 × 10−4 V√
Hz

and
a Slew Rate of 1 Hz.

cycle, D, is used as X. For small values of ∆Dp, the
algorithm essentially returns to being the simple perturb
and observe algorithm, where there is an optimal ∆D value
for a given fixed slew rate and amount of noise, balancing
the trade-off between losses due to large oscillations around
the MPP from using a large ∆D and losses due to wandering
around the MPP from using a small ∆D to give the best
steady-state efficiency possible. However, with the forced
oscillation, Fig. 4 shows that the optimal value of ∆D
becomes instead the smallest feasible value; the limit on
this is the highest sampling frequency at which one can run
the control algorithm, as decreasing ∆D means increasing
the sampling frequency in order to keep the slew rate
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constant.
The reason that a small value of ∆X is optimal can be

explained as follows. First, consider the simple perturb and
observe case. The equation for the probability of making a
wrong decision,

Pe =
1
2
− 1

2
er f

(
abs(m)∆X

2σn

)
, (8)

becomes

Pe =
1
2
− 1

2
er f

abs(m)∆X
√
∆T

2Pn

 (9)

with the substitution of σn = Pn/
√
∆T . As the argument of

the error function in (9) increases, the probability of making
a wrong decision goes to zero. So, as one increases ∆X the
chance of making a wrong decision goes down, leading
to more accurate tracking (decision making). However, as
can be seen from Fig. 3(a), where D is used in place
of X, the increase in accuracy obtained by increasing
∆X is outweighed by the decrease in efficiency resulting

from larger oscillations around the MPP. Thus, increasing
∆X degrades overall efficiency, and we instead want to
decrease ∆X to obtain increased efficiency. So, from this,
one knows that, with the argument of the error function
in (9) proportional to ∆X, the efficiency asymptotically
approaches the maximum efficiency as ∆X is decreased,
which again is evident in Fig. 3(a).

Now consider holding the nominal slew rate fixed, as a
certain slew rate is usually desired, and adjusting ∆X. To
maintain a fixed slew rate, we need to also adjust ∆T , based
on ∆T = ∆X/S R, where S R is the slew rate. To see the
effect of this we can write (9) in terms of ∆X with fixed
slew rate as

Pe =
1
2
− 1

2
er f

(
abs(m)∆X3/2

2Pn
√

S R

)
. (10)

In (10), the argument of the error function is proportional
to ∆X3/2, and so with a stronger dependence on ∆X than in
(9), the probability of making a wrong decision becomes
worse more rapidly as ∆X is decreased. This strong effect
outweighs the benefits of decreasing ∆X and leads to there
being an optimum value of ∆X (or ∆D) for a fixed slew
rate. This can be seen in Fig. 4 by looking at the front,
right edge where ∆Dp is equal to zero, as this is the curve
representing the simple perturb and observe algorithm.

With the previous discussion in mind, now consider the
perturb and observe with forced oscillation case. Here, with
the slew rate fixed, equation (9) becomes

Pe =
1
2
− 1

2
er f

(
abs(m)∆Xp∆X1/2

2Pn
√

S R

)
. (11)

In (11), the argument of the error function is proportional
to ∆X1/2. This is a weaker dependence on ∆X than in (9),
so the increase in efficiency due to smaller oscillations
around the MPP as one decreases ∆X will outweigh the
decrease in efficiency from less accurate tracking (making
more wrong decisions). Instead of the asymptotic behavior
seen for the simple perturb and observe case as ∆X is
decreased (Fig. 3(a)) the maximum efficiency continues to
increase as one decreases ∆D, which is evident in Fig. 4.

Because of the trends seen in Fig. 4, for the perturb
and observe with forced oscillation algorithm, one should
use the smallest ∆D that the system can handle, given the
desired slew rate, S R, and maximum sampling frequency,
fmax. The smallest ∆D one can use is

∆D =
S R
fmax
. (12)

Then, one must choose the optimal value of ∆Dp which
balances the losses due to large oscillations and wandering.
This is done using the analysis presented above. For each
value of ∆Dp of interest, one uses equation (7) to create the
transition matrix and invert it to get the steady-state pdf,
from which the steady-state efficiency can be found using
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(4). This will result in a plot of one of the lines of constant
∆D in Fig. 4 from which one can determine the optimum
∆Dp.

Alternatively, it is possible to incorporate the limits on
sampling frequency into the analysis to find the optimum
∆D and ∆Dp. For example, depending on the passive
components of the converter in the system (see Fig. 8), the
output voltage will ring before settling after each change
in D. So, one should wait until the system settles before
starting to integrate the output voltage. Adding in this
blanking time means that as one increases the frequency
of tracking, the actual integration time, ∆T , will approach
zero faster than the simplified case where ∆T = 1/ f . This
results in a global maximum, which can be seen in Fig. 6.

Besides providing a method for determining optimum
system parameters, Fig. 4 can demonstrate many other
interesting aspects of the behavior of the system. For one,
there is a maximum value of ∆D for which adding a forced
oscillation can improve the efficiency; above that value, the
added perturbations only cause more oscillations around
the MPP without improving the accuracy of the tracking
enough to make it worthwhile. Also, the optimum size of
the added perturbation, ∆Dp, is always larger than ∆D, if
improvement is possible. In fact, any added perturbation
less than or equal to ∆D will degrade the efficiency of a
normal perturb and observe method, as expected.

Finally, the improvement in efficiency expected from the
perturb and observe method with forced oscillation over
the simple perturb and observe can be seen by looking
at the difference between the maximum along the left
edge of Fig. 4, corresponding to the minimum value of
∆D, and the maximum along ∆Dp = 0 in Fig. 4. This
difference will depend upon the noise and slew rate for the
system. Fig. 7 shows the maximum efficiency of the simple
perturb and observe and perturb and observe with forced
oscillation methods versus slew rate. As is evident in Fig. 7,
as the slew rate or noise increase (because both enter into
equation (11) in the same place), the benefit from using
the forced oscillation version of the perturb and observe
method increases, as one would expect.

C. Simulation Results for Steady-State Efficiency
To begin to validate the analytical results presented in

the previous sections, simulations were used to see how
well the analysis could predict efficiency over a range
of ∆D and ∆Dp values for a fixed slew rate. First, the
system was modeled with ordinary differential equations
and solved numerically in Matlab. The system model is
shown in Fig. 8. While the switching effects of the dc-to-
dc converter are not modeled, as they are considered to be
at a much higher frequency than the algorithm, the passive
components of the dc-to-dc converter were included, as they
affect the response of the system to a change in D. The body
diode of the MOSFET is included in the model because it
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Fig. 7: Efficiency vs. Slew Rate for Pn = 1.25 × 10−4 V√
Hz

. Blue
dotted line is maximum possible efficiency using simple perturb
and observe. Red dotted line is maximum possible efficiency using
perturb and observe with forced oscillation and a minimum ∆D
of 0.001.

clamps the output voltage in the case that the solar panel
tries to sink current.
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Fig. 8: System model used for simulations. The MPPT algorithm
is also simulated, but is not shown.

In the model, the output current, Iout, is kept constant,
representing a constant-current load. The duty cycle, D, of
the converter thus controls the current of the PV array and
is X in the analysis above. With a constant-current load,
Vout is proportional to the power from the array, and so
it is used as the power signal, which is why it is being
integrated in the model to give an average power over each
cycle. Applying the analysis to other types of loads is easily
done and will just change the shape of the power vs. D
curve.

While this model provides a fairly realistic simulation, it
takes a long time to run, making it non-ideal for doing
steady-state analysis. However, as the dynamics of the
modeled PV system are fast enough that they have little
to no effect on the algorithms’ performance, simulating the
algorithms with update equations is much faster. For these
simulations, the same PV cell model was used as in the full
model; however, for each new value of D, the steady-state
output voltage of the system was calculated. Then, before
using the given algorithm to determine the next D value,
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random noise with variance σ2
n = P2

n/∆T was added to
the calculated voltage. The simulation was run sufficiently
long, and then the average output power was compared to
the maximum output power of the cell in order to determine
the efficiency of the algorithm.

In order to make sure that this simplified model matched
the full model closely enough, the same simulation was run
for each model. The parameters for the simulation were
a ∆D of 0.005, ∆T of 33.3µs, and a noise constant of
1.25x10−5 V√

Hz
. The simplified, state update model resulted

in an efficiency of 99.6159 percent, and the full model,
which took considerably longer to run, resulted in an
efficiency of 99.6171 percent. These values were close
enough to decide that the simplified model was a good
approximation to the full model.

The simplified model was then run for the same range
of ∆D and ∆Dp in Fig. 4 in order to produce Fig. 9,
which matches Fig. 4 well. Most importantly, the shape of
the two figures is very similar, meaning that the trends in
efficiency vs. ∆D and ∆Dp found in the analysis also show
up in the simulations. Also, the optimum ∆Dp and ∆D
values for the analytical model and simulation are similar;
0.0073 and 0.0083 respectively for ∆Dp and 0.009 and
0.005 respectively for ∆D. The efficiencies of the analytical
model and simulation were also quite close. If we compare
Fig. 4 and Fig. 9, we can see that the contour lines closest to
the optimum for the simple perturb and observe are 0.289%
and 0.278% percent power loss for the analytical model
and the simulation respectively. Similarly, the contour line
closest to the optimum for the perturb and observe with
forced oscillation is at a percent power loss of 0.183%
for the analytical model and 0.202% for the simulation.
In both cases the difference in percent power loss between
the optimums for the analytical model and simulation is
less than 10 percent.
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Fig. 9: Simulated Efficiency vs. ∆D and ∆Dp for Pn = 1.25 ×
10−4 V√

Hz
and a slew rate of 1 Hz. This matches well with Fig. 4,

though it is more jagged due to a less dense evaluation grid.

D. Improved Analysis for Perturb and Observe with Large
∆X and/or Low Noise

As ∆X gets larger and the amount of noise decreases,
the accuracy of the analytical model presented previously
in Section II-A will degrade. This occurs for two reasons.
For one, as ∆X increases, the estimation that the signal seen
by the MPPT is the slope of the power vs. X curve times
∆X becomes less accurate. Secondly, as the signal-to-noise
ratio increases, which occurs when either ∆X increases
and/or the noise decreases, the steady-state distribution on
X becomes more dependent on how the algorithm estimates
the slope than on the probability of making right or wrong
directions in how to move. For example, in Fig. 10, if there
is little to no noise, the algorithm will bounce between the
three red operating points at steady state. When moving
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P
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Fig. 10: Steady-state operation of P&O. Blue curve is power vs.
X, and the red dots are the operating points of the algorithm,
separated by ∆X. The sharp peaks and valleys are due to the
discrete ∆D values possible and their relation to the MPP. For
designing a system, one would want to average efficiency over a
range of solar panel IV curves, and this would produce a much
smoother efficiency vs. ∆D relationship. The purpose of this figure
is to show how accurately the two analysis techniques can predict
the exact behavior of the system for a single IV curve.

from the left most point to the center point, the algorithm
will see an increase in power, so it will move to the right
most point. Here, it will see a decrease in power and move
to the center point, where it will see an increase in power
and move to the left most point, and so on. If one uses the
analysis presented in Section II-A, it will predict that the
algorithm will bounce between the center and right points.
This is because at the center point the slope of the curve is
positive, and as there is essentially no noise, the analysis
predicts that the algorithm will always make the correct
choice to go to the right. However, this is only actually
true for the case where one is coming from the left most
point. Ultimately, the issue is that the dependence on where
one is coming from is not captured in the analysis. Also,
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the analysis is based on using the slope at the operating
point to determine the signal seen from taking a step in
X, multiplying the slope by ∆X; however, here the steps
are large enough that using that approximation is not valid.
The slope of the power vs. X curve changes too much in
Fig. 10 from one point to another.

The way to overcome this is to double the number of
states in the Markov analysis such that each possible X
value is represented as two states, one where one came
from the right and one where one came from the left. This
means that the transition matrix becomes (presented for
only 5 possible X values for simplicity):

P =



0 1 0 0 0 0 0 0
PL2L 0 0 PR2L 0 0 0 0
PL2R 0 0 PR2R 0 0 0 0

0 0 PL3L 0 0 PR3L 0 0
0 0 PL3R 0 0 PR3R 0 0
0 0 0 0 PL4L 0 0 PR4L

0 0 0 0 PL4R 0 0 PR4R

0 0 0 0 0 0 1 0


,

where the first column is for X1, the second column is X2
coming from the left (X1), the third column is X2 coming
from the right, the fourth column is X3 coming from the left,
and so on. For more than 5 possible X values this would
continue out to Xn. Then, for each possible X value, PLnL

is the probability of going left when coming from the left,
PRnL is the probability of going right when coming from
the left, PLnR is the probability of going left when coming
from the right, and PRnR is the probability of going right
when coming from the right. These probabilities are again
determined using equations (2) and (3); however, instead
of using m∆X as the signal, one uses the actual change in
power signal seen from moving to the current state from
the previous state. For example, PL3L uses the change in
power seen when moving from X2 to X3 as the signal
for determining the next state probabilities. So, with this
transition matrix one can again solve for the steady-state
distribution. Then, one combines the two states together for
each possible X value to get the steady-state probability
distribution.

This model both accounts for where one is coming from
and uses the exact values for the signals seen by the
algorithm, capturing the behavior of the system exactly.
Again, these aspects of the system only become significant
when ∆X becomes large enough that the signal seen by the
algorithm can no longer be approximated by the slope at
that point times ∆X. This issue is accentuated in Fig. 10,
where the slope at the center point is positive, but the signal
seen coming from either the left or the right is positive.

A comparison of the single-state Markov analysis and
the two-state Markov analysis is shown in Fig. 11. The
accuracy of the two-state Markov analysis is nearly per-
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Fig. 11: Comparing the accuracy of the analysis using a single-
state for each D value and the one using two states for each D
value, where the state contains whether one came from the left or
the right.

fect over all ∆D = ∆X values, whereas the single-state
Markov analysis can be as much as 30% off. Note that the
jaggedness in the efficiency over ∆D values comes from
the discrete locations where the possible D values line up
in relation to the MPP. A smoother curve would result if
one averaged the efficiencies over skewing the relationship
between D and power.

The high degree of accuracy for the two-state analysis
comes from the fact that it exactly describes the behavior
of the system. The single-state analysis has some approx-
imations in it, and the breakdown of these approximations
is seen at the larger ∆D values. However, both analysis
techniques are highly accurate below ∆D values of 0.02,
and this is sufficient for most cases, as that is the range
for high tracking efficiency. The two-state analysis is only
needed in the unusual case that operation at large ∆D values
is chosen.

III. Linear Adaptation with Forced Oscillation
Algorithms

We now consider a different class of MPPT systems that
would be classified as forced oscillation methods according
to [2] or as types of ripple correlation control according
to [1]. We refine, correct, and extend the analysis of the
effect of noise on these systems first presented in [26].
The continuous-time version is described in Section III-A
and the effect of noise on it is analyzed in Section III-B.
The corresponding discrete-time algorithm and the efffect
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of noise on it are described in Sections III-C and III-D.
Simulation results are described in Section III-E.

A. Continuous-Time MPPT Algorithm

The continuous-time system shown in Fig. 12 consists of
a solar panel connected to a load through a buck DC/DC
converter, allowing one to change the operating point of
the panel by changing D, the duty cycle of the converter.
Again, for the example considered here, the output load of
this system is a constant-current load, and so D controls
the current being drawn from the cell. This type of load
was chosen because it happens to be the situation for the
system we are designing. However, the general approach
of the analysis here, as well as the results, will apply to
other loads, assuming that the MPPT control is faster than
changes in the load. As a result of the constant-current
load, one gets power vs. D curves similar to the ones
shown in Fig. 1. The MPPT algorithm is implemented
by adding a perturbation, d sin(ωt), to the duty cycle and
multiplying the measured power by the perturbation in
order to measure dP/dD, the slope of the power vs. D
curve. This is then scaled and integrated to produce the dc
value of D, moving D toward the maximum power point
(MPP). Also of importance, the gain of the integrator, k,
will determine the bandwidth of the MPPT system and thus
how quickly it reacts to a change in the Maximum Power
Point (MPP) due to a change in irradiance or temperature.

!

"

#$%#$&
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Fig. 12: MPPT System: Continous-Time Linear Adaptation
with Forced Oscillation.

!

"#$%&'

(

)

Fig. 13: System Diagram for Continuous-Time Linear Adaptation
with Forced Oscillation. D is the duty cycle of the DC/DC
converter. P is the power output of the panel.

B. Noise Analysis of Continusous-Time MPPT Algorithm

The system shown in Fig. 13 can model the MPPT algo-
rithm implementation in Fig. 12. This results from deriving
a model for what is within the red, dashed box in Fig. 12. It
is assumed that this is a simple, static, ideal measurement,
where D goes in and dP/dD comes out, which is valid as
long as the perturbation frequency, ω, is slow compared
to the dynamics of the power converter circuit. Because
the power vs. D curve can be approximated as a quadratic
near the MPP, dP/dD vs. D can be approximated by a
linear function with a negative slope, m, shown in Fig. 13.
However, dP/dD will have noise in it, due to the noise in
the power measurement, which is assumed to be Gaussian
white noise, and so noise is added to dP/dD in Fig. 13.
This linear model provides a simple means of analyzing
the effect of noise on the system, as one can derive the
closed-loop transfer function from noise input to D,

H(s) =
k

s − m · k . (13)

Note that the value of m is negative, resulting in a stable,
first order system.
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Fig. 14: Example power lost vs. perturbation size.

We evaluate steady-state tracking performance by cal-
culating power loss, which, here, means the difference in
output power compared to if one were to operate perfectly
at the MPP; dividing one minus this power loss by the
power at the MPP gives the efficiency metric that was used
previously. Power loss will be the result of deviations from
the MPP due to both noise induced tracking errors, as well
as the forced perturbation in D. The perturbation amplitude,
d, will affect both types of deviations. A larger perturbation
amplitude will directly degrade performance by moving
the operation away from the MPP, but will improve the
signal-to-noise ratio, minimizing noise induced deviations.
A small perturbation will decrease the direct effect but will
increase the noise-induced loss. Thus, d should be chosen
to minimize the sum of the losses resulting from both types



10

of deviations.

The power loss resulting directly from the perturbation
will be

PP = I2
rmsRpanelQ =

d2

2
I2
loadRpanelQ, (14)

where Iload is the load current and Rpanel is the small-
signal resistance of the panel at the MPP and is equal to
Vmpp/Impp, and Q is a correction factor equal to (1+ Vmpp

2(nyVT ) ),
which will be explained below. This comes from the rms
value of the sine-wave perturbation being d/

√
2, which

results in a d√
2
Iload rms perturbation in the panel current.

Due to the feedback, the actual rms sine-wave perturbation
will be

d
√

2

ω√
ω2 + (mk)2

, (15)

which simplifies to d/
√

2 for ω >> |mk|, which will be
assumed for the remainder of the paper but is a simple
substitution for cases where this assumption does not hold.

The correction factor, Q, is necessary because a small-
signal resistance model for a solar cell at its MPP does not
fully capture the effect of perturbations on loss. The actual
power loss will be much worse than would be predicted
based on the small-signal model. This effect is described
in [27]; analyzed in [28], [29] and [30]; and experimentally
verified in [29] and [30]. In [30], Q is derived by starting
with a simple exponential diode model of a solar panel

i(t) = Isc − Is

(
e

V(t)
nyVT − 1

)
(16)

where i(t) is the panel current, v(t) is the panel voltage, y is
the number of cells, Isc is the short-circuit current (propor-
tional to irradiation), and Is and n are diode characteristic
parameters (scale current and ideality factor, respectively).
Then, the output power is, in terms of v(t),

P = v(t)Isc − v(t)Is

(
e

V(t)
nyVT − 1

)
(17)

The power near an operating point, (V0, I0), is approxi-
mately equal to

p(t) ≈ V0I0 + ∆v(t)
dP
dv
+

1
2
∆v(t)2 d2P

dv2 (18)

where ∆v(t) is the instantaneous deviation from the voltage
at the operating point, V0. At the maximum power point
(Vmpp, Impp), the first derivative dP = dv = 0, and so the
first-order term in (18) is zero, such that

p(t) ≈ VmppImpp +
1
2
∆v(t)2 d2P

dv2 (19)

We can write the time-average reduction in power harvested
in terms of the rms value of voltage ripple (∆vrms) as

Pr ≈ −
1
2

(∆v)2
rms

d2P
dv2 (20)

Substituting the second derivative of (16) results in

Pr ≈ (∆v)2
rms

1
Rpanel

(
1 +

Vmpp

2(nyVT )

)
= I2

rmsRpanel

(
1 +

Vmpp

2(nyVT )

)
,

(21)
showing Q to be equal to

(
1 + Vmpp

2(nyVT )

)
[30]. For a single

cell with Vmpp V of approximately 0.5, n = 1, and VT = 26
mV, Q ≈ 10.

The power loss due to the noise results from the method
used to determine the slope of the power vs. D curve,
dP/dD. The slope is found by the multiplication operation
shown in Fig. 12 multiplying the perturbation and measured
power. The measured power is

Pmeasured = P0 +
dP
dD

d sin(ωt) + Pn, (22)

which is a sum of the nominal power, perturbation in the
power, and noise in the power measurement, Pn, which
has units V√

Hz
. Multiplying the measured power (22) by

the perturbation d sin(ωt) and dividing by d/2 yields an
expression for the estimated slope of the power vs. D curve,

d̂P
dD
=

P0

d/2
sin(ωt) +

dP
dD d sin2(ωt) + Pn sin(ωt)

(d/2)
. (23)

This signal goes into an integrator, which is much slower
than ω and will average the signal. This means that the first
term drops out due to the average of sin(ωt) equaling zero,
and the second term goes to dP

dD , as the average of sin2(ωt)
is 1

2 . So,
d̂P
dD
=

dP
dD
+ 2Pn sin(ωt)/d, (24)

meaning the noise in the slope measurement is
2Pn sin(ωt)/d.2 As 2Pn/d is white noise with variance
4P2

n/d
2 and sine has a variance of 1/2, the variance of

the noise in the slope measurement is the two variances
multiplied together (as both have a mean of zero and
are uncorrelated), which is 2(Pn/d)2. From the variance
of the noise, we can calculate the rms amplitude of the
noise-induced perturbation in duty cycle. First, as the
transfer function from the noise to D is k

s−mk , the noise
equivalent bandwidth is

BN = |m|k/4, (25)

and the power gain is

g = 1/m2. (26)

Then, the variance in D due to the noise will be the variance
of the noise times 2gBN , which results in

D2
rms =

P2
nk
|m|d2 [31]. (27)

From Drms, we can calculate the power lost due to the noise

2If ω is not much greater than |mk|, then d in this term must be replaced
with d·ω√

ω2+(mk)2
.
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as

PN = D2
rmsI

2
loadRpanelQ = (C2/d2)I2

loadRpanelQ, (28)

where, C2 = P2
nk/(|m|).

From (14) and (28), the total power loss is

Ploss = PN + PP =

(
d2

2
+

C2

d2

)
I2
loadRpanelQ. (29)

In (29), we wish to choose d so as to minimize the loss.
Fig. 14 shows a plot of the loss vs. d, which has a definite
minimum. Taking the derivative of Ploss with respect to
d and solving for where the derivative is zero yields an
optimal value of d2 =

√
2C, where the power lost is

minimized. Plugging this result back into (29) results in
the minimum loss being

Ploss =
√

2 ·CI2
loadRpanelQ = Pn

√
2k
|m| · I

2
loadRpanelQ. (30)

It is interesting to note that the optimum d value makes the
variance in D due to the noise and due to the perturbation
equal.

Based on this analysis, one can optimize the perturbation
magnitude, d, for a given C. However, C is a function of
both the noise in the power measurement, as well as m
and k, which determine the time constant of the system.
One design approach is to first choose a gain, k, that yields
the desired response time of the system. Then, based on the
noise in the system, one is able to set d such that the power
loss is minimized. If the power loss is still too great, one
must then consider the trade-offs between response time
and efficiency. The power loss, assuming one optimizes d,
will be proportional to the square root of the response time,
which can be seen in (30), where the loss is proportional
to the square root of k. So, a decrease in the response rate
of the system provides a smaller efficiency improvement.

C. Discrete-Time MPPT Algorithm

The continuous-time system described above can be
implemented in discrete time as well. This system would be
implemented as shown in Fig. 15, and it can be linearized
in the same way as the continuous-time system, resulting
in the system model shown in Fig. 16. The main changes
include the perturbation now being a square wave, as that
is easier to implement in discrete time, and the integrator
becoming a discrete-time integrator, 1

1−z−1 . There’s also a
delay, z−1, as it takes one sample period from putting D
into the system to getting the power for that D out. 3

3The continuous-time system would most likely be implemented with
analog circuitry; whereas this system would be implemented digitally.
However, a digital implementation would mean fixed resolution, and for
this analysis we are assuming infinite resolution. If one wanted to include
this non-ideality, rounding error is often modeled as added Gaussian white
noise, and so one could just increase the total amount of noise in the power
measurement to include this.
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Fig. 15: Discrete-time system diagram.
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Fig. 16: Discrete-time system model.

D. Noise Analysis of Discrete-Time MPPT Algorithm

Again, the power loss due to the perturbation and the
noise can be considered separately and then summed. First,
finding the power loss due to the perturbation is done by
finding the rms of the variation in D due to the perturbation.
The transfer function from the perturbation to D is

1 − z−1

1 − (1 + mG)z−1 , (31)

and at z = −1, the frequency of the perturbation, the
magnitude squared of this is,∣∣∣∣∣ D

Perturbation

∣∣∣∣∣2 = 4
(2 + mG)2 . (32)

Thus, the variation in D due to the perturbation is

Drms,p =
2d

2 + mG
, (33)

which is approximately equal to d for small G. So, the
power loss due to the perturbation is

PPd = D2
rms,pI2

loadRpanelQ =
4d2

(2 + mG)2 I2
loadRpanelQ. (34)

Next, one must find the power loss due to the noise in the
slope measurement. The transfer function from the noise to
D is

H(z) =
Gz−1

1 − (1 + mG)z−1 . (35)

Then, the variance in D due to the noise is

σ2
D = σ

2
noise(

∑
Ak), (36)
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where

Ak = H(z)H∗(1/z∗)(1 − dkz−1)|z=dk [32]. (37)

As H(z) only has one pole, there is only one Ak, and it
equals G

−m(2+Gm) . So, the variance in D due to the noise is

σ2
D = σ

2
noise

G
−m(2 +Gm)

, (38)

and now one must determine the value for σ2
noise. This is

done in the same way it was for the continuous-time case.
The estimated slope measurement will be

d̂P
dD
=

P0

Drms,p
(−1)n +

dP
dD Drms,p(−1)2n + Vn(−1)n

Drms,p
, (39)

where Vn is the noise in the power measurement and is
Vn = Pn/

√
∆T , where ∆T is the sampling period for the

A/D converter. This signal goes into an integrator which is
much slower than the perturbation frequency, and so this
signal effectively gets averaged. This means that the first
term in (39) goes to zero, as the average value of (−1)n is
zero. Then, the second term simplifies because (−1)2n = 1.
This results in an estimated slope measurement

d̂P
dD
=

dP
dD
+

Vn(−1)n

Drms,p
, (40)

meaning that the noise in the slope measurement is Vn(−1)n

Drms,p
,

which has a variance of

σ2
noise =

P2
n

D2
rms,p∆T

; (41)

however, one can replace Drms,p using (33), resulting in

σ2
noise =

P2
n(2 + mG)2

4d2∆T
. (42)

Thus, the variance in D due to the noise is

D2
rms,noise =

P2
nG(2 + mG)
−4d2∆Tm

, (43)

meaning the power loss due to the noise is

PNd = D2
rms,noiseI2

loadRpanelQ =
P2

nG(2 + mG)
−4d2∆Tm

I2
loadRpanelQ.

(44)
So, from (34) and (44), the total power loss due to both
the noise and perturbation is

Plossd = PNd + PPd =

 d2

C2
1

+
C2

2

d2

 I2
loadRpanelQ, (45)

where
C1 =

2 + mG
2

(46)

and

C2 =
Pn

2

√
G(2 + mG)
−m∆T

. (47)

Taking the derivative of (45) with respect to d and setting
it equal to zero yields an optimal value of

d =
√

C1C2 (48)

which results in the minimized total power loss being

Plossd =
2C2

C1
I2
loadRpanelQ. (49)

Again, the loss is minimized when the variance in D due
to the perturbation and the noise are equal.

E. Simulation Results of Discrete-Time Algorithm

A simulation of the discrete-time system presented here
was programmed in Matlab in order to see how well
the analysis of the continuous and discrete time systems
approximates the true system. The algorithm was applied
to a simulation of a single solar cell, which was modeled
as a current source in parallel with a diode. The system
setup is that which is shown in Fig. 15. As the load is a
constant-current source, the load side (output) voltage is
used as the power signal, since it is proportional to the
power coming from the cell. For each D value, the output
voltage is calculated, using the model for the solar cell
and given output current; this assumes that the frequency
of the converter is much greater than the frequency of the
perturbation and MPPT loop, which is often the case and
was assumed in the analysis. Then, Gaussian white noise
with variance σ2

noise = P2
n/∆T is added to the voltage signal

before passing it to the MPPT algorithm, which determines
the new D value with which to run the converter. Then,
once the system reaches steady state and operates there for
a considerable amount of time, the efficiency is calculated
as the ratio of average power at steady-state to the power
at the MPP.

In order to predict the optimum perturbation size and
power loss, the curvature of the output voltage to D rela-
tionship at the MPP was estimated to be m = −18.65. Then,
for a sampling frequency of 35.7 kHz, gain of G = 10−4,
and noise constant of Pn = 1.25x10−4 V√

Hz
the optimum

perturbation size is d = 0.006215 based on (48), and the
corresponding estimated power loss is 0.282%. Also of
importance, the estimated variance in D was 7.739x10−5.
These values, along with what was found from simulations,
are summarized in Table I.

TABLE I: Power loss from analytical and simulation.

d D2
rms Power Loss

Analytical Optimized 0.0062 7.739x10−5 0.282%
Simulated w/ Calc’d. Opt. d 0.0062 7.879x10−5 0.274%
Sim. w/ Numerically Opt. d 0.0072 7.157x10−5 0.252%



13

A simulation was performed, using this frequency, gain,
and perturbation size, and resulted in a power loss of
0.274%, which is less than 3% different from the estimated
power loss. Also, the variance in D was 7.879x10−5, which
is only 1.8% different from the prediction. Trying a few
different perturbation values in the simulation led to the
discovery that the actual optimum perturbation was around
d = 0.0072, and the efficiency gets worse as one increases
or decreases d from there. So, the analysis led to a good
prediction of the optimum perturbation size, power loss,
and variance in D.

IV. Comparison of Algorithms

A. Comparison of Discrete/Continuous Time Forced Oscil-
lation Algorithms

In order to compare the discrete-time system to the
continuous-time one, one has to adjust the gains and
integration time such that the reaction times of the two
systems are comparable. In order to do this, we set k = G

∆T .
Then, the lowest power loss and greatest efficiency possible
for the two systems over the range of stable G values were
calculated and are shown in Fig. 17. Both plots in this
figure are for the systems using the optimal d values as
derived here. Also, as ∆T changes, G changes proportion-
ally and k remains constant as defined by k = G/∆T . Here,
k = 3.5714, and m was estimated to be −18.652. G must be
less than −2/m for the system to be stable, which results
in ∆T needing to be less than 0.03 for the system to be
stable.

As one would expect, the discrete-time system approxi-
mates the continuous-time system as ∆T approaches zero.
With an adequately fast sampling rate and optimal choice
of d, both the discrete and continuous time systems perform
similarly in the presence of noise.

B. Comparison of P&O and Linear Adaptation with Forced
Oscillation Algorithms

In order to compare the perturb and observe algorithms
to the linear adaptation algorithms one must develop a
reasonable way of making the systems have similar reaction
times. This is problematic, as the linear adaptation algo-
rithms have time constants, whereas the perturb and observe
algorithms have slew rates defined as S R = ∆D/∆Tp&o.
A simplistic way of solving this is to say that S R =
∆D/∆Tp&o = cG/∆T , where c is a constant. Then, one can
experimentally find values of c for which the two systems
take the same amount of time to go from one D value
to another. The value of c will be different for different
steps in D, and Fig. 18 shows a plot of c vs. different
steps in D. A 0.1 change in D is probably a reasonable
amount to want a system to react to in a certain amount
of time, and from Fig. 18, that corresponds to c = 0.14 in
order for the systems to have similar reaction rates. Using
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Fig. 17: Continuous-time (red, dashed line) and discrete-
time (blue line) power loss and efficiency for Pn =

6.25x10−4 V√
Hz

. See text for details.

this, along with a noise constant of 1.25x10−4 V√
Hz

and slew
rate of 1 sec−1, the minimum percent power loss of the
continuous-time, as well as discrete-time, linear adaptation
algorithm was 0.399%. The minimum percent power loss of
the perturb and observe algorithm was found to be 0.284%,
and the minimum percent power loss of the perturb and
observe with forced oscillation was found to be 0.137%. As
these are all very low, more noise was added to the systems
in order to widen the gap between them. Increasing the
noise constant to 6.25x10−4 V√

Hz
resulted in percent power

losses of 1.125%, 1.995%, and 0.408%, respectively. These
results are summarized in Fig. 19.

In general, the perturb and observe algorithms are able
to outperform the linear adaptation with forced oscilla-
tion algorithms, achieving lower percent power loss for
similar reaction rates. Similarly, the perturb and observe
with forced oscillation algorithm is able to outperform
the simple perturb and observe algorithm. The gains in
performance increase in noisier systems, and one must
balance performance and complexity for their given system.

V. Experimental Results
A. Experimental Results for P&O Algorithm

In addition to showing the accuracy of the analysis of
the effect of noise on the Perturb and Observe algorithm
through simulation, the accuracy was also shown experi-
mentally. The test setup is shown in Fig. 20. To provide re-
peatable and controlled conditions, we illuminated the panel



14

0 0.05 0.1 0.15 0.2 0.25 0.3
0

0.05

0.1

0.15

0.2

∆ D

c

Fig. 18: Experimentally measured (using simulations) c
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and the line is a curve fit. The step in D is induced by a
change in the irradiance, which moves the MPP. Here, ∆T
was 0.028 ms and G was 0.0001.
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under test with a 10 kW (electric) array of halogen lamps,
which were powered from a DC power supply to avoid the
120 Hz optical power ripple of AC-powered lights. Table II
lists the equipment used for testing. Prior to each measure-
ment we ensured that the panel had reached steady-state
temperature, in order to minimize any temperature-related
errors in our measurements. As an additional precaution,
we also performed a full I-V sweep before and after each
MPPT measurement, to ensure that the panel characteristics
were the same for the IV-sweeps and the MPPT evaluation.
Note that the conventional method to capture the I-V
characteristics of a solar panel (flash testing) could not be
employed here, since the MPPT converter needs continuous
light input to the panel to operate correctly.

Lighting

Solar 

Panel

Current 

Meter

MPPT Buck 

Converter
Voltage 

Meter

Voltage 

Meter

Current 

Meter

Electronic 

Load
(constant 

Current 

mode)

Panel

Fig. 20: Experimental Setup. To avoid 120 Hz ripple in the
light output the lighting was powered from a DC supply.

TABLE II: Equipment used for testing.

Voltage Meters HP/Agilent 34401A
Current Meters HP/Agilent 34401A
Electronic Load HP 6060B

The IV curve of the panel was measured as follows. The
MPPT buck converter was disconnected, and the electronic
load (HP 6060B) was connected directly to the panel.
Then, the load was varied under computer control. To
provide more precise readings than are available from
the electronic load, measurements of panel voltage and
current were recorded from high-accuracy multimeters (HP
34401A), which were controlled from the same computer as
the electronic load to ensure correct coordination between
electronic load steps and measurement sample times.

The panel characteristic is shown in Fig. 21; a curve fit
to this data was used in the analysis. Note that the curve in
this figure is fairly pointed at the MPP. This is likely due
to the lighting on the panel not being perfectly uniform.
A more in-depth discussion of this effect can be found in
[30].

The actual panel voltage and current seen by the MPPT
buck converter in testing was slightly different from the IV
sweep data, likely as a result of the resistance of some of
the connections. The result was that the IV curve fit had to
be shifted to match up with the testing data, and this can
be seen in Fig. 22.

Then the MPPT buck converter was run in the setup
shown in Fig. 20 for various parameter settings. For these
tests the electronic load was put in constant-current mode at
2.5 amps. The converter used simple Perturb and Observe,
multiplying the output voltage and current of the converter
(electronic load side) to get the power measurement for
tracking. Various ∆D values and number of samples of
the output voltage were used while the number of samples
of the output current remained constant at 1000. For each
test the converter was started at the MPP and run for 500
changes in duty cycle. After each change in duty cycle,
allowing 200 ms for the system to completely settle, the
input and output voltage and current, along with duty cycle,
were recorded before moving to the next duty cycle value.
The microcontroller doing the MPPT also waited these
200 ms before sampling the output current and voltage.
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Fig. 21: Power vs. Current of solar panel used for testing.
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Fig. 22: Shifting the IV curve fit model in order to match
up with data from testing.

The efficiency of the tracking was calculated as

ηtracking =
∑ VpanelIpanel

NPpanel−max
, (50)

where N = 500 is the number of points where mea-
surements were taken and Ppanel−max = 18.93 W is the
maximum panel power, taken from the curve fit model of
the panel.

In order to calculate the expected efficiency of the
system, one needs the variance of the noise in the voltage
and current measurements taken by the microcontroller
doing the tracking. This was done by running the same
test as before but with the duty cycle of the converter fixed.
Then, the variance of the voltage and current measurements
taken by the meters was calculated. They were, respectively,
1.9208× 10−5 V√

Hz
and 6.5771× 10−8 V√

Hz
. However, these

must be scaled, as they were taken with a multimeter
with a 20 ms integration time, and the sample rate of the
A/D on the microcontroller used was 125 kHz. So, the
variance values must be scaled by

√
0.02 × 125000 = 50,

yielding variance values of Pnvolt = 9.6038 × 10−4 V√
Hz

and Pncurr = 3.2886 × 10−6 V√
Hz

for the voltage and
current respectively. Then, the variance seen in the power
measurement, due to the multiplication of these two values
is

Pnpower =

√
I2
mppPnvolt

NV
+

V2
mppPncurr

NI
+

PnvoltPncurr

NV NI
,

(51)
where NV and NI are the number of samples of the voltage
and current the tracker takes.

Using the curve-fit model of the PV panel and the noise
constant given by (51), the method described in II-D was
used to calculate the expected efficiency of tracking for the
range of ∆D and number of samples of voltage used in
the experimental testing. The results can be seen in Fig. 23
and show good correlation between the experimental and
predicted efficiencies, plotted as percent loss. One thing to
note here is that just using the variance of the noise in the
power measurement in the analysis assumes that the noise
is Gaussian white noise. This may not actually be true,
and to be more accurate, one could use the true statistics
of the measured noise to do the analysis. However, the
approximation as Gaussian white noise was shown to be
quite accurate.

These experimental results help confirm that the method
described in II-D accurately predicts the efficiency of track-
ing in the presence of noise. In particular, we see that the
model accurately captures the influence of the perturbation
step size and the number of samples integrated before
taking a step, even in the region at the left of Fig. 23 where
noise has a significant effect and the curves for different
numbers of samples diverge. Thus, we can confidently use
this method in design to maximize accuracy for a given
tracking speed.

VI. Conclusion

While it is well known that noise hurts the overall per-
formance of MPPT systems, its impact is rarely quantified.
The analysis in this paper quantifies the effect of noise
in degrading the efficiency of several MPPT algorithms, as
well as determining how to optimize the system parameters,
given the noise. This analysis was then backed up by
simulations in MATLAB, as well as experiments with solar
panels.

The results of this analysis allowed us to compare the
performance of the different algorithms in order to gain
an understanding of the trade-offs between the imple-
mentations. Ultimately, if one optimizes the system, all
the algorithms presented can achieve high efficiency, but,
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Fig. 23: Experimental results. The dashed lines are the
predicted percent loss, and the solid points were experi-
mentally acquired. The legend shows the number of output
voltage samples taken.

as was shown, the perturb and observe based algorithms
outperform the linear adaptation with forced oscillation
algorithms, achieving higher tracking efficiencies for sim-
ilar reaction rates. Also, adding a forced oscillation to
a perturb and observe algorithm allows one to increase
the system’s tracking efficiency without slowing its slew
rate. This analysis and comparison are useful for making
informed decisions about algorithm and parameter choices
and can aid development of improved algorithms. The end
result will be more efficient designs and better performance.
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