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Abstract—An IEEE 802.11b/g/n wireless local area network
(WLAN) experiences significant radio frequency interference
(RFI) from microwave ovens, cordless phones, Bluetooth devices,
and other WLANs operating in the 2.4 GHz band. In particular,
microwave ovens emit interference that can either prevent an
access point from transmitting or cause a dramatic increase in
bit errors at the receiver. This paper investigates the disruption
in delay sensitive streaming applications under microwave oven
RFI. The proposed contributions of this paper include (1)
a statistical-physical model of oven-generated RFI in WLAN
channels that is dependent on distance and frequency, (2) an
increase in the information rate bound of up to 5 bits/s/Hz due
to the more realistic statistical-physical model of oven-generated
RFI, and (3) a proposed transmission strategy to achieve the
higher information rate bound.

I. INTRODUCTION

IEEE 802.11b/g/n WLANs, operating in the 2.4GHz unli-
censed Industrial, Scientific, and Medical (ISM) band, expe-
rience RFI from other ISM devices that operate with mini-
mum regulation in the same band such as microwave ovens
and Bluetooth devices. This leads to significant performance
degradation [1]. In this paper, we focus our attention on
microwave ovens and refer the interested reader to [1] and [2]
for more information on other interference sources. Microwave
ovens exhibit non-stationary statistics largely deviating from
the Gaussian model and powers as high as −50dBm at 15m
[2] (comparable to the transmit power of an access point
(AP) in WLANs). This, compounded by a typical usage in
the order of tens of minutes, leads to serious disruption for
real-time streaming applications such as wireless video and
presentations in home and office environments. Two general
types of microwave ovens are in use: the“transformer-type”
oven commonly used in households and the “inverter-type”
oven generally used in commercial settings. These two types
differ in the way they implement power transfer from the AC
source to the magnetron that operates the microwave oven. In
this work, due to space limitations we focus on transformer
ovens and leave inverter ovens to future work. Fig. 1 shows
the max-hold spectrum of the oven RFI. It is noticed that it is
mainly concentrated in the 2.4−2.5GHz range, the frequency
range used by IEEE 802.11g/n. In fact, the transformer oven
RFI has been shown to be a narrowband signal that sweeps
through the 2.4GHz band [1], [3].

The effect of oven RFI on communication performance has
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Fig. 1. Max-hold power spectral density of the transformer microwave oven
indicates overlap of microwave emissions with the 2.4 GHz ISM band used
for 802.11b/g/n wireless LANs. The oven’s emission power is around 20dBm.

been studied for IEEE 802.11b [4], [5] and for IEEE 802.11g
systems [1], [6]. In [1], the authors propose a spectrum-
sensing method to detect the presence of microwave oven
emissions and adaptively change the MAC layer parameters
to improve throughput. The mentioned papers employ various
models of oven-generated RFI in their transmission strategy
design and system-level simulations. One of the challenges
in such simulations is how to model the oven-generated RFI.
In particular, oven-generated RFI has a duration of tens of
milliseconds, while the regular duration of an OFDM symbol
in WLAN systems is on the order of microseconds. This large
discrepancy in the durations, compounded with the limited
memory of today’s capture systems, prohibits in many cases
the use of real oven interference data in system simulations. In
addition, this approach does not yield any insight into the de-
sign of effective transmit strategies under RFI. Consequently,
mathematical modeling of the oven-generated RFI is of great
importance in system-level design.

Previous work has modeled the oven RFI using deter-
ministic equations or amplitude statistics. The deterministic
approach models the oven RFI as an analytical function of time
and frequency. The main deterministic model is the AM-FM
model which is described in [4] and augmented for frequency
drift in [3]. The main benefit of the AM-FM model is that it
is able to capture the dependency of the oven-generated RFI
on frequency. However, the deterministic nature of this model
fails to model the randomness present in wireless channels. As
the oven interference propagates through the wireless channel,
it is subjected to various random channel impairments such
as multipath, fading, and shadowing. In addition to that, the
oven’s emission patterns may change according to various
conditions such as temperature, oven orientation, and oven
loads [7]. These random aspects are captured well by using
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Fig. 2. Transformer microwave oven circuit diagram: during Vac > 0,
Vm = 0 and the magnetron is off, as soon as Vac < 0 magnetron activates
and emits radiation.

statistical models based on amplitude statistics of oven RFI
such as the Gaussian mixture model [6] and the Middleton
class-A model [8]. However, these models fail to capture
the effect of frequency (the selected WLAN channel) on the
interference properties. In particular, they assume that the
oven RFI is present in all channels simultaneously for the
whole duration of magnetron activity and then it disappears
during the magnetron inactivity period; hence we refer to
these models as High-Low models. We will show that these
models often lead to pessimistic estimates of communication
performance under oven RFI and to conservative designs
which may fail to meet throughput requirements.

In this paper, we propose a stochastic model that will
bridge the gap between the deterministic and statistical models.
Contrary to the used High-Low model, our proposed model
is based on the amplitude statistics of the oven RFI and
reflects the dependence on the distance and the frequency-
band of the WLAN channel under consideration. We validate
the model using oven measurements and show its improved
accuracy over the High-Low model in modeling oven RFI
measurements. Then, we investigate the maximum information
rates supported by the oven RFI additive channel and propose
different strategies to maximize available data rates.

II. MICROWAVE OVEN’S OPERATION

This section explains the physical operation of transformer
ovens on which we base our proposed model in Section IV.
The basic circuit diagram of such an oven is given in Fig. 2 [9].
The AC power source is stepped up to around 2kV through
the transformer. The positive half cycle of the AC voltage
source Vac charges the capacitor through the conducting diode.
During this time, the voltage across the magnetron (Vm) is
reduced to zero because the diode forms a closed switch. As
the voltage Vac turns negative, the diode becomes an open
circuit and the capacitor starts to discharge and adds to the
second winding voltage to produce double the voltage (around
4kV) at the magnetron input (Vm = Vc+|Vac|). The capacitor’s
main function is converting the AC source into a high voltage
DC source required to excite the magnetron into emitting
electromagnetic waves that heat up the food. As a result, the
voltage across the magnetron (Vm), and thereby the microwave
emission, will be on during the positive half of the duty cycle
of the AC source (Vac) and off during the negative part and
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Fig. 3. Oven RFI in channel 11 (magnitude of I-Q samples at 3m distance).
The effect of magnetron frequency drift can be seen from the parameter TFD .

Fig. 4. Spectrogram of oven RFI in the 2.4GHz band. This shows how the
TFD and TM parameters for channel 11 relate to the same parameters in
Fig. 3.

the wireless transceiver will experience oven-generated RFI
only during half of the AC cycle ( 1

2
1

60Hz = 8.3ms in the US).
Due to the periodicity of the AC source, the interference will
repeat with the same frequency fAC as the source.

III. TEMPORAL AND SPECTRAL CHARACTERIZATION

A. Measurement Setup

The measurements were collected using a laptop antenna,
at a distance of 3m, connected to a downconverter chain fol-
lowed by a digitizer board sampling at 200Msample/sec with
14bits/sample accuracy. The measurements were equalized to
account for the downconverter-digitizer path transfer function.

B. Results

The time-domain envelope of oven RFI in channel 11
(IEEE802.11g, 20MHz, fc = 2.462GHz), shown in Fig. 3,
confirms the 8ms high-interference and 8ms low-interference
structure expected from the discussion in Section II. However,
there seems to be a time period during the high-interference
state where the interference is greatly reduced in magnitude.
A more detailed picture is given by the spectrogram in Fig. 4
which plots the oven RFI in the 2.4-2.5GHz range. The
transformer oven interference is narrowband and sweeps the
whole 2.4-2.5GHz range. This is due to the frequency-drift
phenomenon whereby the magnetron oscillation frequency
varies with the applied voltage Vm [3]. Thus, observing a
given frequency band will show the oven RFI appearing and
disappearing according to the drift in the magnetron frequency
as shown in Fig. 4 and Fig. 3. Our model will capture the
dependence between the oven RFI and the observed frequency
band, which the High-Low model fails to do.
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Fig. 5. Envelope of the proposed microwave oven model. It is divided into
three main states: SB ,SM , and SFD based on the properties of the channel
11 trace in Fig.3.

IV. STOCHASTIC MODEL OF OVEN-GENERATED RFI

In this paper, we extend the High-Low model used in [6] to
incorporate two important aspects of oven RFI: 1) dependency
on the distance separating the oven from the transceiver and
2) the dependency on the frequency band of the WLAN
channel. The proposed model is depicted in Fig. 5 and given
analytically by

z [n] ∼


Nc
(
0, σ2

M

)
if (nTs − τ0)T ∈ ΛM ,

Nc
(
0, σ2

FD

)
if (nTs − τ0)T ∈ ΛFD,

Nc
(
0, σ2

B

)
if (nTs − τ0)T ∈ ΛB

(1)

where z [n] is the complex-baseband noise sample, Ts is the
sampling period, (.)T represents the modulo operation, and
τ0 ∼ U[0, T ] is random offset time. The model is periodic
with period T = f−1

AC = TB + 2TM + TFD ≈ 16.7ms and
time intervals {Λi}i∈{M,B,FD} are specified in Fig. 5. During
each period, the time trace is divided into three states each
corresponding to AWGN channels with different variances (see
Fig. 5). In particular, the states SB(TB , σ

2
B), SM (TM , σ

2
M ),

and SFD(TFD, σ
2
FD) represent the states when there is only

background noise, when the oven RFI is present in the
channel, and during the time when the magnetron frequency
is outside of the specified frequency band respectively. In
general, σ2

FD ≈ σ2
B � σ2

M (See Fig. 3). As a result, the
model can be simplified to a two state model (SB and SM )
where SB becomes of duration TB + TFD.

A. Dependence on Distance

Oven RFI propagates through the wireless medium. As
a result, the power of this interference will follow the ex-
ponential decay specified by pathloss models. On top of
that, the oven RFI is subjected to the same wireless channel
impairments (multipath, fading and shadowing) as a nar-
rowband signal. This fact justifies modeling the oven RFI
as a complex Gaussian variable (as done in the previous
paragraph). Since we are interested in analyzing the effect
of microwave ovens on WLANs, we employ the propagation
models used in the IEEE802.11n standard. σ2

B is the variance
of the thermal background noise in receiver electronics and
thus is independent of the distance between the oven and
transceiver. On the other hand, σ2

M , the variance of the noise
during the on-state of the magnetron, is the superposition of
thermal noise and oven transmit power. Thus, it is distance

TABLE I
SUMMARY OF THE MODEL’S MAIN PARAMETERS

Parameter Value

σ2
B N0B

σ2
M (d) Γ (d) + σ2

B

σ2
FD (d) ΓchΓ (d) + σ2

B

TFD (fc, B) Eq. (3) ≈ α1fc + (α1B/2 + α0)

TM (fc, B) Eq. (3) ≈ |α1B|
TB (fc, B, fAC) f−1

AC − 2TM (fc, B)− TFD (fc, B)

dependent and can be written as σ2
M (d) = Γ (d) + σ2

B where
Γ (d) = P (d) = P0

Lp(d) . P0 and P (d) represent the microwave
oven transmit power and power at distance d respectively.
Lp (d) is the pathloss experienced by the oven RFI, and is
specified by the IEEE802.11n propagation model [10] as

Lp (d) =

{
LFS (d) d ≤ dBP
LFS (dBP ) + 10 log

(
d

dBP

)η
d > dBP

(2)

where η and dBP are the pathloss exponent and break-
point distance respectively, and LFS (d) = 10 log

(
4πd
λ

)2
is

the free-space path loss. The variance of the interference
corresponding to the magnetron frequency-drift is given by
σ2
FD = ΓchΓ (d) + σ2

B where Γch is a channel specific
multiplier. When ΓchΓ (d)� σ2

B , then σ2
FD = σ2

B and states
SFD and SB become indistinguishable.

B. Dependence on Frequency

WLANs divide their available bandwidth into multiple
channels of bandwidth B. Observing Fig. 4, it appears that
the interference power is spread across the channels almost
uniformly. However, the temporal properties of the interfer-
ence are considerably different. In particular, observing zero-
bandwidth band at frequency f shows the oven RFI appearing
and then disappearing at a certain time t only to reappear at
time t + τ (f). We will refer to the time τ (f) as the inter-
arrival time of the oven RFI. On top of that, Fig. 4 shows how
the parameters of Fig.3 relate to τ (f). As a result, it can be
seen that different WLAN channels will have distinct temporal
parameters TM , TFD and TB given by

TFD = τ

(
fc +

B

2

)
TM =

1

2

(
τ

(
fc −

B

2

)
− τ

(
fc +

B

2

))
(3)

TB = f−1
AC − 2TM − TFD

where fc is the center frequency of the channel under consider-
ation. The model parameters are summarized in Table I, while
their estimation from measured data is discussed in Section V.

V. STATISTICAL FITTING AND MODEL VALIDATION

This section discusses the parameter estimation and the
accuracy of the proposed model when used to fit actual
interference data.
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Fig. 6. Estimation of τ (f) using short-time Fourier transform in Eq. (4)
and a linear regression model in Eq. (5).

A. Temporal Parameter Estimation and Fitting

The estimation of parameters TM , TFD, and TB involves
the computation of the inter-arrival time τ (f) at particular
frequencies (see (3)). Toward this end, we compute a nar-
rowband short-time Fourier transform (smaller window size
increases temporal resolution) of the oven RFI for the duration
of one period (16.6ms). Let X (n, f0) be the short-time Fourier
transform (STFT) at frequency f0. The inter-arrival time τ (f0)
is approximated by

τ̂ (f0) = |n1 − n2| × TS (4)

where TS is the sampling period and n1, n2 are the time-
indices of the first peak and the second peak of the amplitude
of X (n, f0). A simpler approach is to model the relation
between the frequency and inter-arrival times as linear. Then
the result of computing τ̂ (f), defined in (4), at 512 frequency
values is fitted to the following linear regression model

τ̂ (f) = α1f + α0. (5)

The inter-arrival times computed by both methods are given
in Fig. 6. Table II shows how well our estimators perform in
predicting TB and TM for IEEE802.11g/n channels 1,6, and
11 (these channels approximately partition the IEEE802.11g
spectrum). This table compares the actual value of the parame-
ters, obtained by examining the time trace of the corresponding
channels, to the estimates obtained by (3) and estimating τ
using the STFT and linear regression in (4) and (5). It is
noticed that the produced estimates provide a good estimate
for the given parameters, with the STFT-based approximation
being more accurate. However, the linear model is more easily
applied to approximate the temporal parameters because it
does not require the trace of the data. In general, the linear
regression model may lead to some over-approximation in
TM which will result in an upper-bound on communication
performance but is considerably more accurate than the High-
Low model.

B. Statistical Models

This section introduces the statistical models used to fit
oven RFI. These models characterize the first-order pdf of the
complex-baseband noise samples (I and Q) obtained by the
receiver in a specific IEEE802.11g/n channel.

TABLE II
FITTING OF THE TEMPORAL PARAMETERS

Actual Value τ (STFT) τ (Linear)

Ch1 TM 1.00ms 1.65ms 1.44ms
2.412GHz TFD 6.50ms 5.77ms 5.67ms

Ch6 TM 1.40ms 1.44ms 1.44ms
2.437GHz TFD 4.30ms 4.16ms 3.87ms

Ch11 TM 0.87ms 0.85ms 1.44ms
2.462GHz TFD 2.50ms 2.26ms 2.06ms

1) Gaussian Mixture Distribution: Gaussian Mixture distri-
butions extend the structure of normal distributions to model
complex real-life data. This structure is constructed using a
linear superposition of normal distributions. In particular, a
N -term Gaussian Mixture distribution consists of a set of com-
plex normal distributions

{
Nc
(
µi, σ

2
i

)}N
i=1

and a normalized
mixing vector π = [π1π2 · · ·πN ]. The mixing vector π can be
interpreted as following: let x be a realization of a random
variable drawn from a Gaussian mixture distribution, then
πi = Pr

[
x ∼ Nc

(
µi, σ

2
i

)]
; i.e, π is the discrete probability

density of a latent variable S that determines from which
distribution is a given sample drawn from. Then the pdf of
the Gaussian Mixture is given by the sum of the N complex
normal distribution weighted by the mixing vector. The pdf of
the N -term Gaussian mixture is given by

f (x) =

N∑
i=1

πi · Nc
(
x;µi, σ

2
i

)
. (6)

The parameters of this model were estimated using the EM-
algorithm [11].

2) Middleton Class-A Distribution: Middleton Class-A dis-
tribution is a statistical-physical model used to model impul-
sive narrowband noise produced by a Poisson field of interfer-
ers [12]. This model has been used to model microwave oven
interference in [8] and [5]. The Middleton Class-A distribution
is characterized by the following parameters: an overlap index
A, a power ratio ΓA, its variance σ2, and its mean µ. The class-
A model is a special case of the Gaussian mixture model with
N →∞, πm = e−AA

m

m! , and σ2
m = σ2 · m/A+ΓA

1+ΓA
. Parameter

estimation was performed by the Method of Moments [12].

C. Statistical Properties of the Proposed Model
We now proceed to derive the first-order statistics for the

proposed model using the states SM , SB , and SFD defined
in Section IV. Let X be a random variable with the first-
order distribution1 of the proposed model, then the pdf of X
conditioned on the channel state S ∈ {SM , SB , SFD} is given
by fX|S (x|s) = Nc

(
x;µs, σ

2
s

)
. Now using the law of total

probability, the first-order density of the random variable X
is given by

fX (x) =
∑

s∈{SH ,SI ,SL}

Pr [s]Nc
(
x; 0, σ2

s

)
(7)

1Since we are fitting first-order pdfs all temporal correlations are ignored
and samples are treated as independent and identically distributed (iid).
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Fig. 7. The fitting of complex-baseband statistics of oven RFI in channel 11
at a distance of 3m. The statistics predicted by our model provide the best
fit.

which is the Gaussian mixture model with πs = Pr [s]. Using
the frequency interpretation of probability, it is observed that
Pr [SB ] = TB

TB+TFD+2TM
, Pr [SFD] = TFD

TB+TFD+2TM
, and

Pr [SM ] = 2TM

TB+TFD+2TM
.

D. Model Fitting and Validation

In order to verify the validity of the proposed model, we
fit collected microwave oven data of channel 11 (used in
Section III) to the models discussed in Section V-B. The
KL-divergence, DKL (Pe‖PM ) where Pe is the empirical
distribution and PM is the model distribution, is used to
quantify the fit to the empirical data. The fit is given in
Fig. 7. It is seen that the distribution predicted by our model
provides the best fit when compared to a normal distribution
and the class-A distribution (used in [5], [8]). This can be
explained by the fact that class-A model was derived based
on the assumption that there is a Poisson field of interferers
[12], which is not the case when the interference is resulting
from the operation of a single microwave oven.

VI. COMMUNICATION PERFORMANCE OF WLANS UNDER
MICROWAVE OVEN INTERFERENCE

Microwave ovens degrade the throughput performance of
WLANs [1], [6]. Different strategies such as avoidance [13],
rate adaptation [6], and MAC layer parameter optimization
[1] have been proposed to sustain an acceptable throughput
performance in WLANs. The performance benefit of these
strategies is studied by system simulation. As a result, it is im-
portant to use an accurate simulation model of microwave oven
interference in order to get a reasonable estimate of system’s
throughput under real microwave oven interference. On top of
that, an accurate interference model provides valuable insight
into the design of transmitter strategies and the optimization
of their parameters. This section addresses both of these issues
from an information theoretic perspective.

A. Information Rate Increase due to more Accurate Modeling

As discussed in Section I, there are various interference
models used to study the performance of WLANs under oven
RFI. In this section, we investigate the effect of modeling on
the predicted information rate of channels corrupted by oven
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Fig. 8. Gain in information rate due to more accurate modeling (ch.11
parameters with TM = 0.87ms and TFD = 2.5ms, oven transmit power of
20dBm, and SNR = Er

σ2
B

= 40dB).

RFI. We assume that there is no power allocation being done.
In particular, we will compare our model to the High-Low
model used in [1] and [6]. On top, both models are compared
to the case where the oven RFI is assumed to be a white
Gaussian process. We assume that the transmitter has perfect
channel state information (CSI) represented by the channel
noise variance σ2

S where S ∈ Ω = {SM , SB , SFD}. This
assumption is justified in practice since the symbol period in
WLANs is much lower than the duration of a specific state of
the oven RFI thereby allowing for sufficient time for feedback
from the receiver (the symbol time is 4µs while the duration of
a state in the oven interference is in the order of milliseconds).
Given the CSI, the channel looks like an AWGN channel with
variance σ2

S . As a result, the information rate of the channel
under our model without power allocation is given by

ICSI = ES

[
log

(
1 +

Er
σ2
S

)]
=
∑
s∈Ω

πs log

(
1 +

Er
σ2
s

)
(8)

where the Er is the energy of the received signal, πs and σ2
s

are parameters defined in Section V-C. On the other hand, the
information rate of the High-Low model is given by the same
formula with the state S being restricted to {SM , SB} and
taking those states with probability 1/2. The rate in the case
where the oven RFI is assumed to be a Gaussian process is
given by

IGCSI = log

(
1 +

Er
ES [σ2

S ]

)
(9)

where ES
[
σ2
S

]
=
∑
s∈Ω

πsσ
2
s . Fig. 8 illustrates the information

rate loss (around 4bits/s/Hz at 20m) due to inaccurately
modeling the oven RFI as the High-Low model rather than our
proposed model that is based on the physical properties of the
oven RFI. In this figure, the High-Low model was augmented
to account for distance by viewing it as a special case of
our proposed model when frequency dependence is ignored
(TFD = 0ms) with TM = 4ms and TB = 8ms. This rate loss is
due to the assumption that every WLAN channel is subjected
to the full oven RFI while Fig. 4 clearly suggests otherwise.
The information rate under the Gaussian assumptions is the



lowest. This is expected since it ignores the temporal structure
of the noise.

B. Information Rate and Transmission Strategies

In this section, we investigate the information rate of various
transmission strategies in channels corrupted by oven RFI
under the availability of transmit CSI and no power allocation.
Fig. 9 shows the information rate of various transmission
strategies and compares them to the case with no oven RFI.
There are two avoidance strategies that send data only when
there is no oven RFI present. The maximum information
rate of these avoidance strategies is given by the mutual
information between the channel input and output. This mutual
information is given by

I (x, y|S) =
Tx
T

log

(
1 +

Er
σ2
B

)
(10)

where Tx is the time that the avoidance strategy transmits,
and T is the total time available for transmission. The blind
strategy assumes the High-Low model and thus transmits
only at half the rate of the channel capacity with no oven
interference (since Tx = 8ms and T = 16ms) [13]. However,
our proposed model-aware avoidance strategy that is based on
our model’s temporal properties (Tx = TB+TFD ≈ 14ms and
T = 16ms) results in a 5bits/s/Hz increase in transmission rate
since it takes into account the fact that the interference seen
by each WLAN channel is much shorter. It should be noted
that the transmission rate of both the avoidance strategies does
not scale with distance as opposed to the actual capacity of
the microwave oven channel. This is due to the fact that the
avoidance strategies send information only during the time
when the background noise (σ2

B), which is independent of the
distance, is present. The capacity, on the other hand, increases
with the distance between the oven and the receiver due to
the fact that the oven RFI power is reduced due to pathloss
as expressed by parameters σ2

M (d) and σ2
FD (d). However,

this increase is slow at smaller distances (d < 20m like in
small apartments) which indicates that a model-aware avoid-
ance strategy is almost optimal and should be preferred due
to its lower implementation complexity. At higher distances
(d > 20m like in houses, offices, universities and malls)
the capacity of the channel increases and deviates from the
avoidance strategy. This can be interpreted by the fact that at
those distances it is advantageous to transmit even during the
period when the oven is active. The intuition is that at such
distances the interference is reduced to a level where additional
information can be sent over the channel during that period.
This suggests that adaptive-modulation can be used to increase
the data rates in the presence of the oven interference.

VII. CONCLUSION

This paper proposes a general stochastic model for trans-
former microwave ovens based on their circuit-level operation.
Previous models are extended by including dependence on
the frequency band of the WLAN channel and the distance
between the oven and the receiver. After that, the actual
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Fig. 9. Maximum information rate of different strategies vs. distance in the
microwave oven (MWO) channel (same parameters as in Fig. 8).

information rate that can be supported by the channel is shown
to be higher than predicted by previous models. This is utilized
to propose various rate-increasing transmission strategies such
as model-aware avoidance transmission at smaller distances
and adaptive modulation at larger distance.
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