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A B S T R A C T

Blind modulation format identification (MFI) is essential in an elastic optical network (EON) due to unknown
modulation format of the received signals. We propose an MFI method for square and non-square quadrature
amplitude modulation (QAM) signals, quadrature phase-shift keying (QPSK), 8-QAM, 16-QAM, 32-QAM, 64-
QAM, 128-QAM, 256-QAM, 512-QAM, 1024-QAM, and 2048-QAM. We identified these modulation formats by
using two identification factors such as the amplitude variance and the optical signal-to-noise ratio (OSNR) of
the received signal. The simulation results based on a look-up-table (LUT) and a neural network, respectively,
show that the modulation format of the received signals can be identified correctly in the OSNR range of a bit
error rate (BER) for communication, better than 10−2. We also investigate effects of both ONSR measurement
errors and residual chromatic dispersion (CD) on the MFI performance.
. Introduction

As various data services based on an ultra-high speed optical com-
unication, such as 5G network services, big data analysis, virtual real-

ty (VR), and internet of things (IoT) have developed, global data traffic
s increasing exponentially [1]. To support these services, demands for
ltra-high speed communications have been increased continuously.
nfortunately, due to a limited bandwidth of an optical amplifier, the
andwidth should be allocated adaptably with a high spectral effi-
iency. An elastic optical network (EON) assigns a different bandwidth
ith a different modulation format to each WDM channel adaptively
ccording to the channel characteristics [2]. For this optical network, a
eceiver should identify the modulation format from the received signal
or retrieval of original information.

Several kinds of modulation format identification (MFI) methods
ave been proposed [3–15]. For example, an amplitude modulated
adio frequency (RF) pilot signal was used to carry modulation format
nformation [3]. However, it needs an additional RF block in the
ystem.

For identification of modulation formats without the pilot tone, the
nformation entropy calculated from a histogram of the normalized
mplitude of a received signal were used [4]. However, resolution
f the histogram may not be good enough for identification of QAM
ignals and sensitive to signal to noise ratio (SNR). The distribution
f differential phase and the average of amplitude ratio between the
aximum and the minimum values of amplitude difference calculated

rom adjacent symbols were applied for MFI [5]. In this case, the phase
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distribution is affected by the phase noise. Differences between the nor-
malized amplitude of a received signal and ideal amplitude level of the
normalized reference signals, QPSK and 16-QAM, were used [6]. They
calculated ratio of the difference between amplitude of the ideal QPSK
and that of the received signal and the minimum difference between
three amplitudes of the ideal 16-QAM and amplitude of the received
signal. However, it is difficult to identify high-order square QAM signals
more than 64-QAM. A peak-to-average power ratio (PAPR) was also
proposed for the MFI. The PAPR can be calculated from the normalized
signal power distribution [7]. However, the PAPR is highly dependent
to the OSNR of the received signal. On the other way, the PAPR
can be calculated from the Fourier transform of the received signal
amplitude after nonlinear power operations [8]. However, it needs high
computational complexity due to the multiple Fourier transforms and
more nonlinear power operations as number of the modulation format
increases. All of these methods, threshold values for each modulation
format should be defined priorly [4–8].

The MFIs based on Stokes space with clustering algorithm have
also been proposed [9–11]. Since a different modulation format has a
different number of clusters in Stokes space, it is possible to identify
the format based on number of clusters. For clustering algorithm,
the k-means clustering [9], the Gaussian mixture model (GMM) [10],
connected component analysis (CCA) [11] were proposed. A neural
network was employed for analysis of the Stokes space for MFI [12,13].
3D Stokes space was mapped to 2D Stokes plane and a convolutional
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Fig. 1. Schematic diagram of the signal flow of the receiver including the proposed MFI block.
w
u

neural network (CNN) was used for MFI [12]. Furthermore, the first-
order derivative of the density distribution in Stokes axes was used with
a deep neural network (DNN) [13]. However, MFI methods based on
Stokes space have scalability issues for identification of a high-order
QAM signal due to a large number of clusters.

Besides these neural network-based approaches, an eye pattern can
be used for the MFI with a CNN [14]. Unfortunately, the eye pattern
is highly sensitive to signal-to-noise ratio (SNR). In addition, it is not
easy to identify features for a high-order QAM signal. Similarly, a DNN
is used for the MFI by training it with amplitude histograms [15]. How-
ever, this method has high computational complexity due to multiple
hidden layers.

The methods mentioned previously were worked for low-order QAM
signals up to 64-QAM [4–6,8–14]. One result based on PAPR [7]
demonstrated up to 256-QAM signal. However, they identified only
square QAM signals.

In our previous work, we demonstrated identification of square M-
QAM signals, QPSK, 16-QAM, and 64-QAM, using a simple three-layer
neural network without pre-defined threshold values [16]. The network
was trained by using both the amplitude variance and the OSNR of
the received signal. However, it is necessary to identify not only non-
square QAM signals, such as 8-QAM and 32-QAM, but also high-order
QAM signals, such as 128-QAM, 256-QAM, 512-QAM, 1024-QAM, and
2048-QAM for a more flexible optical network.

This paper is extension of the previous paper [16] for identification
of ten modulation formats, QPSK, 8-QAM, 16-QAM, 32-QAM, 64-QAM,
128-QAM, 256-QAM, 512-QAM, 1024-QAM, and 2048-QAM signals.
The amplitude variance and the OSNR of the received signal are used
as identification factors, and identification of the modulation formats
was done successfully by using a look-up-table (LUT) and a neural
network. For errorless identification, the OSNR needs to support BER
better than 10−2 at a given format. Since there are errors in the
OSNR measurement, we discuss the effect of the OSNR accuracy on
the identification accuracy of the modulation formats with the results
of the neural network. The acceptable OSNR measurement error was
±0.2 dB. We also investigate effect of residual chromatic dispersion
(CD) on performance of MFI. Finally, we discuss about identification
of PSK signals and high-order QAM signals, such as 4096-QAM using
the proposed method.

2. Operating principle

2.1. Structure of the receiver

Fig. 1 shows the signal flow of a receiver for an EON. The received
signal passed through two parts sequentially. The modulation format-
independent part consists of the chromatic dispersion (CD) compensa-
tion, the timing recovery, the constant modulus algorithm (CMA) equal-
ization, and the orthonormalization blocks. The modulation format-
dependent part is with the multi-modulus algorithm (MMA), the carrier
2

phase estimation, and the BER measurement blocks. The proposed MFI
block is located between the modulation format-independent part and
the modulation format-dependent part. We assume a coherent homo-
dyne detection with compensation of linear transmission imperfection
by CMA equalization and optical fiber nonlinearities. We also assume
no error in the timing recovery. It may be noted that the proposed
method works regardless of state of polarization since we use the
amplitude variance and the OSNR.

2.2. Identification factors

For identification of the modulation format, the amplitude variance
and the OSNR of the received signal are used as identification factors.
The 𝑖th sampling point of the received signal 𝑥𝑖 after modulation
format-independent part can be expressed as following equation.

𝑥𝑖 = 𝐴𝑖𝑒
𝑗(2𝜋𝑖𝑇𝑠𝑓𝑜𝑓𝑓+𝜑𝑖) + 𝑛𝑟𝑒𝑐,𝑖 + 𝑛𝐴𝑆𝐸,𝑖. (1)

where 𝐴𝑖 is the complex amplitude of the received signal, 𝑇𝑠 is the
time duration between samples, 𝑓𝑜𝑓𝑓 is the frequency offset, 𝜑𝑖 is the
phase noise induced by the transmitter and the local-oscillator, 𝑛𝑟𝑒𝑐,𝑖
is the generated noise by the receiver including the thermal noise and
the shot noise, and 𝑛𝐴𝑆𝐸,𝑖 is the beating noise between the signal and
the amplified spontaneous emission (ASE) induced by erbium doped
optical fiber amplifier (EDFA). The amplitude variance 𝑣 is calculated
as following equation after the orthonormalization process.

𝑣 = 1
𝐾

𝐾
∑

𝑖=1
(|
|

𝑥𝑖|| − |𝑥|)2. (2)

here || denotes the absolute value, 𝐾 is the number of sampled signals
sed for calculation of the variance, and |𝑥| is the average of the

magnitude of the 𝐾 sampled signals. In this paper, 102,400 sampled
signals were used to calculate the variance. The amplitude variance is
not affected by the frequency offset and the phase noise because it is
calculated from only magnitude of the received signal.

Another identification factor, OSNR, is calculated from ratio be-
tween the optical power of the received signal and the ASE noise power.
To measure the OSNR, a part of the received light was coupled to an
optical spectrum analyzer (OSA) as shown in Fig. 1.

2.3. Variance-OSNR relations of M-QAM signals

Fig. 2 shows the constellation diagrams of ten modulation formats,
QPSK, 8-QAM, 16-QAM, 32-QAM, 64-QAM, 128-QAM, 256-QAM, 512-
QAM, 1024-QAM and 2048-QAM. The OSNR values are also given
for references. We consider both square shape QAM signals and non-
square shape QAM signals. As shown in Fig. 2, different M-QAM signals
have different number of magnitude levels. Then it is expected to have
different variances.



J.-W. Kim and C.-H. Lee Optics Communications 474 (2020) 126084

O

i
t

Fig. 2. Constellation diagrams of the M-QAM signals after the orthonormalization; (a) QPSK. (b) 8-QAM. (c) 16-QAM. (d) 32-QAM. (e) 64-QAM. (f) 128-QAM. (g) 256-QAM. (h)
512-QAM. (i) 1024-QAM. (j) 2048-QAM.
Fig. 3. The variances of the normalized amplitude of M-QAM signals as a function of the OSNR with the boundaries defined by the LUT; (a) OSNR ranges above the require
SNR for BER of 10−2. (b) Expanded to the red rectangular region.
The calculated amplitude variances of all the modulation formats as
a function of the OSNR are shown in Fig. 3(a). Fig. 3(b) is the enlarged
variances as a function of the OSNR for higher order QAM signals. For
the minimum value of the OSNR, we consider an acceptable BER range
better than 10−2 for each modulation format. For a given OSNR, a
different modulation format gives a different amplitude variance. So,
we can use this feature for identification of the modulation format. As
expected, the variance increases as we increase the order of QAM. This
is only true within family of squared QAM or non-squared QAM.

3. Simulation results and discussion

For MFI, we consider two methods, the first one is a look-up-table
(LUT) and the next is a neural network. At first, we assume no error in
the OSNR measurement. After that, we will discuss effect of the OSNR
accuracy on the identification accuracy of the modulation formats.
Also, we will discuss influence of the residual CD on the amplitude
variance of the received signal and limitations of the variance-based
MFI method.

3.1. MFI Based on a look-up-table (LUT)

As shown in Fig. 3, a variance for a given modulation format has
a specific value and distinguishable with that of other modulation for-
mats. The variances increase with decrease of the OSNR. Fortunately,
there is no overlap in variances when the ONSR is above the required
OSNR for BER of 10−2 for given modulation formats. Then, we can
dentify the modulation format based on given both the variance and
he OSNR. For reference, we draw boundaries of variances for different
3

modulation formats as a function of OSNR as dotted lines. Each bound-
ary was located in the middle of the two adjacent modulation formats.
Then, these boundaries can be stored in a look up table.

Fig. 4 is the flow chart of the MFI process based on the LUT. Once we
have the signal amplitude variance after modulation format indepen-
dent part shown in Fig. 1 and the OSNR of the received signal obtained
from OSNR measurement unit, the signal variance is compared with the
stored boundary values 𝑇ℎ1−9 in the LUT at the given OSNR, as shown
in Fig. 3, to identify the modulation format.

In the simulation, we used the OSNR of step 0.1 dB and 10,000
variance-OSNR data sets per modulation format were stored. Then, to-
tal 100,000 data sets were used to test identification of the modulation
formats. We observed no errors with these tests.

3.2. MFI based on a neural network

It is possible to identify the modulation format without a look up
table by using a neural network. The trained neural network outputs
the modulation format information at once without comparison with
the boundaries one by one [17]. A three-layer neural network used for
MFI is shown in Fig. 5. The amplitude variance and the OSNR of the
received signals were treated as input features. In this neural network,
only one hidden layer with 150 neurons was used. Then, each output
neuron represents a score of coincidence for the given modulation
format.

We used whole 130,000 variance-OSNR data sets and all the data
sets were randomly distributed into each process. First, 60,000 training
data sets were allocated for update of the weights with the backprop-

agation algorithm [18]. To determine the optimum weights, 40,000
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Fig. 4. Flow chart of the MFI process based on threshold values using the LUT.
Fig. 5. Structure of the proposed three-layer neural network for proposed MFI method.

ata sets were used for the validation process. At last, 30,000 data sets
ere used for the test process to confirm the performance of the neural
etwork.

The simulation results are shown in Fig. 6. A color corresponds to a
pecific modulation format of the received signals. Each dot means the
esult of the output neuron from the test data sets and it has a value
4

Fig. 7. The variances of the normalized amplitude of M-QAM signals as a function of
the OSNR for ±0.5 dB peak-to-peak OSNR accuracies.

between 0 and 1. In this test, we did not find any errors in the MFI
process.

3.3. Effect of the OSNR accuracy

The OSNR measurement in a real system has errors, for example,
the OSNR accuracy of a commercial OSA is around ±0.5 dB. Thus
we investigated the effect of the OSNR measurement error on the
identification accuracy of our proposed MFI method. The variances as
a function of the OSNR were calculated with the peak-to-peak OSNR
accuracies of ±0.5 dB (the OSNR value has random fluctuation between
−0.5 dB and 0.5 dB from the given value) as shown in Fig. 7. The
effect of OSNR measurement accuracy becomes more severe as the
OSNR value decreases. It is clear that the variance distribution (width
Fig. 6. Calculated scores of the each output neuron at the output layer for overall test data sets of M-QAM signals.
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Fig. 8. Effect of the OSNR accuracy on the average identification accuracy of all the
modulation formats.

of the variance at a given OSNR) becomes broader with degradation
of the OSNR accuracy. If the OSNR accuracy degrades more than a
certain value, the variance curves for different modulation formats start
to overlap. Then, the identification accuracy of the modulation format
degrades.

The average identification accuracy which means the average value
of identification accuracies of all the modulation formats was tested
with the trained network at different OSNR accuracies as shown in
Fig. 8. To calculate the average identification accuracy, 30,000 test data
sets for an OSNR accuracy were used. The average accuracy decreases
as expected and becomes 99.28 %, 97.05 %, 90.09 %, and 83.06 % at
the OSNR accuracies of ±0.5, ±1, ±2, ±3 dB, respectively. When the
OSNR measurement error was ±05 dB which corresponds to the OSNR
accuracy of a commercial OSA, the identification accuracies of each
modulation format are shown in Table 1. The accuracies of 8-QAM, 16-
QAM, and 32-QAM were 98.9 %, 96.7 %, and 97.2 %, respectively, and
the other formats show 100 % accuracy. It may be noted that highly ac-

curate OSNR monitoring method using long short-term memory (LSTM)

5

was proposed [19]. In this method, mean absolute error of OSNR was
0.05 dB and 99.6 % of the OSNR monitoring had deviations less than
±0.2 dB at low and high OSNR regions. For this case, it is possible
to identify the modulation formats practically without errors with our
method.

3.4. Effect of the residual chromatic dispersion (CD)

Up to now, we assumed perfect CD compensation by a CMA equal-
ization. However, residual CD that is a small amount of remaining
CD after compensation affects the variance of the received signals. To
analyze effect of the residual CD, we simulate the signal variances with
different amounts of the residual CD for 10 Gb/s signals. The effect of
nonlinearity was ignored for this simulation. As shown in Fig. 9, the
variances increase parabolically with the residual CD. We confirmed
that differences between the signal variances and the boundaries are
almost independent of the OSNR for the modulation formats except
QPSK and 8-QAM when the OSNRs are above FEC limits as shown in
Fig. 3. In case of QPSK, the difference becomes smaller as the OSNR
increases and is almost unchanged when the OSNR is greater than
35 dB. Then, we fix the OSNR of 35 dB for investigation of the residual
CD. However, we use the OSNR of FEC limit, 14 dB, for 8-QAM, since
the difference becomes smaller as the OSNR decreases. The calculated
signal variances of 8-QAM for the different residual CD is shown in
Fig. 9(d).

The calculated variances are compared to the modulation format
boundaries in Fig. 3 to obtain tolerant ranges of the residual CD. The
tolerant ranges of the residual CD of each modulation format are shown
in Table 2. Our MFI method is tolerant to the ranges of the residual
CD for QPSK (−180 to 180 ps/nm), 8-QAM (−50 to 50 ps/nm), 16-
QAM (−80 to 80 ps/nm), 32-QAM (−55 to 55 ps/nm), 64-QAM (−60
to 60 ps/nm), 128-QAM (−50 to 50 ps/nm), 256-QAM (−35 to 35
ps/nm), 512-QAM (−25 to 25 ps/nm), and 2048-QAM (−90 to 90
ps/nm) without degradation of performance. In case of 1024-QAM,
there is no threshold value as shown in Fig. 3(b) because it is the most
upper one.

It may be noted that a blind adaptive algorithm based on a butterfly
structured time domain equalizer [20] proved a mean CD estimation
error of 20–30 ps/nm in case of linear propagation.
Fig. 9. Effect of the residual CD on the signal amplitude variances; (a) Overall modulation formats except 8-QAM for fixed reference OSNR of 35 dB. (b) Enlarged variances for
32-QAM, 16-QAM, 128-QAM, 512-QAM, and 2048-QAM. (c) Enlarged variances for 64-QAM, 256-QAM, and 1024-QAM. (d) 8-QAM signal for reference OSNR of FEC limit.
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Table 1
Identification accuracies of each modulation format at the OSNR accuracy of ±0.5 dB.

Modulation format Identification accuracy (%) Modulation format Identification accuracy (%)

QPSK 100 128-QAM 100
8-QAM 98.9 256-QAM 100
16-QAM 96.7 512-QAM 100
32-QAM 97.2 1024-QAM 100
64-QAM 100 2048-QAM 100
Table 2
Tolerant ranges of the residual CD for each modulation format.

Modulation format Tolerant range of residual CD (ps/nm) Modulation format Tolerant range of residual CD (ps/nm)

QPSK −180 to 180 128-QAM −50 to 50
8-QAM −50 to 50 256-QAM −35 to 35
16-QAM −80 to 80 512-QAM −25 to 25
32-QAM −55 to 55 1024-QAM –
64-QAM −60 to 60 2048-QAM −90 to 90
Fig. 10. The variances of the normalized amplitude of the M-QAM signals as a function
of the OSNR. It shows overlap of variance for 1024-QAM and 4096-QAM.

3.5. Comments on the variance-based MFI method

The variance-based MFI method uses only magnitude of the received
signal, so its performance is independent to the phase noise of the
signal. However, this method is not easy to apply for signal formats
that have almost the same variances. For examples, PSK signals, they
have only one magnitude level and carry information using phase of
the signal. So, all the PSK signals have similar variances as the QPSK
signal. However, there are some research on modulation format conver-
sion [21,22]. If the PSK signals can be converted into the corresponding
QAM signals, the proposed MFI method can identify the PSK formats.

For QAM signals, the variance difference between the adjacent
modulation formats becomes smaller, as order of modulation format
becomes higher, as shown in Fig. 10. Due to overlapping of the vari-
ances, it is hard to identify both 1024-QAM and 4096-QAM. These
results imply that it is possible to identify QAM signal up to 2048-QAM.
However, it may not be easy to identify a 4096 QAM signal and more
high-order QAM signals.

4. Conclusions

In this paper, we proposed an MFI method based on identification
factors of the amplitude variance and the OSNR of the received signals.
Then, QPSK, 8-QAM, 16-QAM, 32-QAM, 64-QAM, 128-QAM, 256-
QAM, 512-QAM, 1024-QAM, and 2048 QAM formats were identified
with the LUT and the neural network, respectively. The proposed MFI
method uses only amplitude of the received signal, so it is not affected
by the phase noise induced by the laser. We observed no errors in
identification for the signals in the OSNR ranges that support BER
6

better than 10−2. For the OSNR accuracy, the proposed method is
applicable without errors, if the accuracy is better than ±0.2 dB and
achieves 99.28 % average identification accuracy of overall modulation
formats for a practical limit of ±0.5 dB OSNR accuracy. The effect of
the residual CD on the signal amplitude variance was also analyzed.
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