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ABSTRACT In this paper, we address the problem of modulation format identification (MFI) for few
mode fiber (FMF) transmission in elastic optical networks (EONs). The MFI accuracy is studied under
different FMF channel conditions including mode coupling (MC), optical signal-to-noise ratio (OSNR), and
chromatic dispersion (CD). Artificial neural network, trained using features extracted from the asynchronous
in-phase quadrature histogram (IQH), is proposed to investigate the identification accuracy. Extensive
simulation results have been conducted to identify six modulation schemes widely used in polarization
division multiplexing coherent optical networks. This includes PDM-BPSK, PDM-QPSK, PDM-8QAM,
PDM-16QAM, PDM-32QAM, and PDM-64QAM transmitted at 10 Gbaud network transmission speed. The
results show that the proposed MFI achieves a successful average identification accuracy exceeding 98% in
the presence of low MC when the incoming signal OSNR is greater than 20 dB. However, the effect of high
MC and CD = 1100 ps/nm reduces the average accuracy to 90%. Further, the MFI accuracy is investigated
under different symbol rates such as 14 and 20 Gbaud.

INDEX TERMS Coherent optical communication, few mode fiber, modulation format identification.

I. INTRODUCTION
Machine learning (ML) has shown an intensive impact on
the recent advances of the optical communication field. This
includes building autonomous optical nodes, mitigating fiber
nonlinearities, optimizing data centers, securing Internet of
Things (IoTs) technologies, etc. In particular, modulation
format identification (MFI) using ML algorithms are becom-
ing a common need in the next generation elastic optical
networks (EONs). Additionally, as the spectral efficiency in
single mode fiber (SMF) based optical networks approaching
the Shannon capacity limit, imposed by fiber nonlinearities,
space division multiplexing (SDM) has been proposed as
a candidate solution to meet the ever increasing demand
of ultra-high date transmission rates [1]–[3]. Among the
various techniques of SDM, few-mode fiber (FMF), known
as mode-division multiplexing (MDM), improves the spec-
tral efficiency by utilizing the orthogonal modes passing
through the fiber, where each mode is treated as an individual
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optical channel [4]. Thus, it duplicates the channel capacity
to several of terabits over long distances as well as reduces
the overall cost [5], [6].

In addition to the efficient utilization of the optical
physical layer and optical spectrum, the network elements
are evolving to be all-optical and self-programmable. For
instance, the optical add/drop multiplexers (OADMs), which
are responsible of performing sophisticated signal routing,
are promoted to include configurability functions [7], [8].
Hence, these elements become more agile and are able to
perform software driven remote reconfiguration [9]. Further-
more, EONs are expected to be heterogeneous and adaptively
supporting various modulation formats and different data
rates (i.e. depend on the network operating demands and sta-
tus) [10]. Therefore, the optical nodes in such networks must
have the ability to automatically recognize the modulation
formats at different rates without any prior information from
the transmitter side.

Moreover, the seamless integration between SMFs and
FMFs will definitely increase the network throughput, com-
pared to the already deployed SMF-based networks [11].
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FIGURE 1. The integrated SMF/FMF SDN network architecture. SDN: software defined network, ROADM: reconfigurable
optical add drop multiplexer, OA: optical amplifier, MUX: multiplexer, DEMUX: de-multiplexer, SMF: single mode fiber,
FMF: few mode fiber.

Thus, ML technologies will play a significant role in order
to manage, organize, and optimize such networks. In this
regard, software defined networks (SDNs) provide the poten-
tial for these networks to be smart/intelligent. SDNs allocate
the network resources adaptively such as modulation format,
wavelength, routing path, etc. The architecture of the SDNs
comprises the control plane and data plane [12]. The for-
mer is considered as the brain of the SDN system, which
can be used to automate the network, while the latter plane
represents the network infrastructure. In Fig. 1, we show
the integrated SMF/FMF SDN network architecture where
the data plane contains the network main elements such
as the programmable transponders, reconfigurable OADMs
(ROADMs), optical amplifiers, etc. In specific, the ROADMs
cross either SMF links to add/drop network wavelengths
or FMF links to add/drop the supported fiber modes. The
transponders can adaptively choose the appropriate modula-
tion format. At the control plane, the resources allocation is
managed by the SDN controller, which reads the communi-
cation metrics, such as optical signal-to-noise ratio (OSNR),
Q factor, etc., of each node at regular intervals. Then,
it assigns the suitable modulation format to the transponders
or configures the ROADMs to change the optical channel
path.

On the other side, MFI in SMF-based optical net-
works has been investigated thoroughly in the last few
years. In this regard, the asynchronous amplitude histogram
(AAH) [13]–[15] and the cumulative distribution function
(CDF) [16], [17] of the received samples have been exploited
in the feature-based recognition algorithms. These techniques
limit the recognition process to M-ary quadrature amplitude
modulation (M-QAM) schemes; owing to the lack of phase

information essentially needed for other schemes such as
M-ary phase shift keying (M-PSK). In [18], [19], the MFI
is achieved by exploiting Stokes space. Also, image pro-
cessing techniques have been exploited in MFI [20], [21].
Besides, other MFI methods based on binary decision tree
have been investigated in literature. This includes spec-
trum analysis [22], [23], amplitude deviation analysis [24],
the entropy of the normalized amplitude histogram [25], and
the distribution of amplitude and phase [26] of the received
signal.

Nonetheless, all existing literature have focused on the
MFI in SMF-based EONs. In this work, we consider the
MFI in FMF-based network. Besides the traditional SMF’s
impairments, FMF has its own impairments that limit the
communication over such type of SDM networks; an exam-
ple of which is the mode coupling (MC) effect resulting
from the lateral misalignment of optical connectors. There-
fore, MFI is proposed for FMF network under the effect of
MC, chromatic dispersion (CD), and amplified spontaneous
emission (ASE) noise. Five spatial modes are considered:
LP01, LP11a, LP11b, LP21a, and LP21b. The modulation pool
includes six formats commonly used in polarization division
multiplexing (PDM) coherent optical systems, and transmit-
ted at 10 Gbaud network speed. These formats are BPSK,
QPSK, 8-QAM, 16-QAM, 32-QAM, and 64-QAM. We use
an MFI technique based on feed-forward artificial neural
network (ANN), trained with the asynchronous in-phase
quadrature histogram (IQH), recently introduced in [27], for
impairments separability investigation in SMF-based optical
network. Unlike AAH, the IQH carries information about
both amplitude and phase, which are exploited here for the
identification of M-QAM and M-PSK modulation formats.
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FIGURE 2. Profiles of five spatial modes.

FIGURE 3. Lateral misalignment between two identical FMF: (a) geometry view, and (b) cross section view.

Simulation results show high average identification accuracy,
which exceeds 98% in the presence of low MC. The impact
of CD and high MC causes a decrease in the classification
accuracy to 90%. Finally, the effectiveness of the proposed
technique is further evaluated by examining the MFI scheme
under different symbol rates such as 14 and 20 Gbaud. To the
best of our knowledge, this study is the first to utilize the IQH
in modulation format identification, and the first to consider
modulation format identification in FMF.

II. OPERATING PRINCIPLE
A. FEW-MODE FIBER (FMF) TRANSMISSION MODEL
Optical fiber is a cylindrical wave guide with a core of
high refractive index n1 surrounded by a cladding of a low
refractive index n2. The number of guidedmodes propagating
inside the fiber cable is determined by the normalized fre-
quency V expressed as [28]

V =
2π
λ

a
√
n21 − n

2
2 (1)

where a is the core radius, and λ is the operating wave-
length. The guided modes are usually described as linearly
polarized LPlp waves, where l and p are integer numbers
representing the azimuthal and radial indices, respectively.
For SMF, the value of V is small (i.e. 2.405) and only the
fundamental mode LP01 is propagating inside the fiber core.
If the value of V exceeds 2.405, higher order modes can pass
through the fiber such as LP11, LP21, etc. These modes exist
inside the fiber with two different spatial orientations (e.g.
in case of LP11, two modes exist: even LP11a and odd LP11b).
Figure 2 shows the mode profile of the five different spatial
modes considered in this paper.

Ideally, the propagated modes inside the FMF cable are
transmitted in an orthogonal manner such that each mode is
not affected by the other. Let ψlp represent the modal basis of

LPlp, then [29]∫ 2π

0

∫
∞

0
ψlpψl′p′drdθ =

{
1, if l = l ′, p = p′

0, otherwise
(2)

However, in reality, the energy is coupled between the coex-
isting modes. This effect is known as MC. MC can occur
either in the transmission medium itself [30], [31] or at the
fiber connections [29]. This causes a crosstalk between the
spatially multiplexed signals. Note that, MC can be mit-
igated using multi-input multi-output (MIMO) processing
algorithms [32], [33], at the receiver side. The MC between
the different spatially multiplexed modes can be expressed
as [29]

aout = C ain (3)

where ain and aout are the input and output mode vectors,
respectively, and C is the coupling matrix given by

C =



c01−01 c11a−01 c11b−01 c21a−01 . . .
c01−11a c11a−11a c11b−11a c21a−11a . . .
c01−11b c11a−11b c11b−11b c21a−11b . . .
c01−21a c11a−21a c11b−21a c21a−21a . . .
c01−21b c11a−21b c11b−21b c21a−21b . . .
...

...
...

...


(4)

where the matrix element ci−j is the coupling coefficient
between the ith and jth modes. The diagonal elements rep-
resent the self-coupling (or transmission) coefficients while
the rest matrix elements represent the cross-coupling coef-
ficients. In this paper, we consider the mode coupling
arising from fiber cable connections. Thus, the coupling
between modes results from the misalignment between con-
nectors/splices, as shown in Fig. 3. The normalized misalign-
ment distance D is given by [29]

D =
d
rcore

(5)
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FIGURE 4. IQH for different modulation formats at OSNR = 36 dB and data rate = 10 Gbaud: (a) Low MC and CD = 0 ps/nm,
(b) moderate MC and CD = 500 ps/nm, and (c) high MC and CD = 1000 ps/nm.

where rcore is the core radius and d is the distance between
core centers at the fiber joint.

B. IN-PHASE QUADRATURE HISTOGRAM (IQH)
The IQH provides statistical features for both amplitude and
phase of the received signal. In Fig. 4, we show the IQH using
two-dimensional representation, where the x-axis and y-axis
denote the amplitude of the I and Q components, respectively,
and z-axis denotes the number of occurrences of each (x,y)
combination. In Fig. 4 (a), we show the IQH of QPSK,
16-QAM and 64-QAM with low MC and CD = 0 ps/nm.
It is clear that the three modulation formats have obvious
differences. Fig. 4 (b) shows the effect of moderate MC and
CD = 500 ps/nm. We notice that the IQH points begin to
overlap, and this is apparent for the 64-QAM constellation.
The effect of high MC and CD = 1000 ps/nm makes it diffi-
cult to distinguish between 16-QAM and 64-QAM, as shown

FIGURE 5. The ANN structure for MFI using IQH as input and modulation
format as output.

in Fig. 4 (c). However, it is expected that the IQH improves
the MFI performance accuracy in comparison with the one-
dimensional methods such as the AAH [14].
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FIGURE 6. Simulation setup of the proposed FMF-MFI system. LD: laser diode, RF: radio frequency, EDFA:
Erbium-doped fiber amplifier, VOA: variable optical attenuator, MUX: multiplexer, DE MUX: de- multiplexer, FMF: few
mode fiber, PBS: polarization beam splitter, ADC: analog to digital convertor, LO: local oscillator, ANN: artificial
neural network, IQH: in-phase quadrature histogram, MF: modulation format.

C. MFI USING ANN TRAINED WITH IQH
In this work, we exploit the IQH in conjunction with the ANN
for the identification of M-QAM and M-PSK modulation
formats in coherent FMF optical transmission systems. The
IQH matrix can be expressed as a 1×N vector x. This vector
is used as an input to the ANN. The elements of the ANN
are modeled by a bias, set of weight coefficients, and an
activation function, called neuron. The ANN architecture
comprises three layers of neurons: the input layer, one ormore
hidden layers, and an output layer, as shown in Fig. 5. The
input layer accepts an input vector x, then transfers the vector
samples to all neurons of the hidden layer (i.e. 20 neurons
in this work). The connection between the layers is done by
the network weights. The computation that occurs in the k th

neuron is calculated as

zk = F
( N∑

i=1

wik xi + bk

)
, (6)

where F(.) is the activation function, bk is the bias of neuron
k , and wik , i = (1, 2, . . . N ), is the weighted connection at
neuron k . We have used the sigmoid activation function given
by

F(α) =
1

1− e−α
. (7)

The ANN output can be expressed as

ym = F
( K∑

j=1

wjm zj

)
, (8)

where ym is the mth network output, m ∈ (1, 2 . . .M ),
where M represents the number of modulation formats
(i.e. M = 6 in our case). Each input vector x corresponds to
a binary 1×M vector t (i.e. target vector). The target vector
has only one non-zero element where its position specifies
the type of modulation. The error between the vectors y and t
is calculated using the cross entropy loss function (L), which
is proper for multiclass classification, given by [34]

L = −
1
M

M∑
i=1

ti log(yi). (9)

The loss (L) is back-propagated to optimize the network
weights and bias during the training phase. We consider the
scaled conjugate gradient algorithm [35] as an optimization
algorithm. The training phase stops when L reaches a spec-
ified margin (i.e. 1×10−6). In the testing phase, the type of
modulation format is determined by argmax(y).
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FIGURE 7. Mode coupling matrices of the five spatial modes: (a) MCL at (D1 = 0.05 and D2 = 0.05), (b) MCM at
(D1 = 0.15 and D2 = 0.15), and (c) MCH at (D1 = 0.25 and D2 = 0.25).

TABLE 1. Physical properties of FMF channel.

TABLE 2. Impairments values used in simulation.

III. SIMULATION SETUP
The simulation setup of the FMF transmission system is built
using VPITransmissionMakerTM9.9 simulator, as shown
in Fig. 6.

At each transmitter block (see Fig. 6(a)), six PDM-
modulation formats i.e. PDM-BPSK, PDM-QPSK, PDM-
8QAM, PDM-16QAM, PDM-32QAM, and PDM-64QAM)
are generated at various system speeds 10, 14, and 20 Gbaud.
A 1550 nm laser diode (LD) with 100 KHz linewidth is
used as a signal source at each transmitter. The ASE noise
is added using an erbium-doped fiber amplifier (EDFA),
while a variable optical attenuator (VOA) is used to change
the OSNR value. Five spatial modes are considered in this
work (i.e. LP01, LP11a, LP11b, LP21a, and LP21b). A spatial
multiplexer with five SMF inputs is utilized to produce a
linear combination of the five spatial modes into an FMF
channel. The FMF has a refractive index of step-index (SI)
profile. In Table 1, we summarize the properties of a com-
mercial FMF (OFS company) that is used in our system. Two
non-ideal connecters with lateral misalignment, D = 0.05,
0.15, and 0.25, have been used to emulate the effect of MC.

FIGURE 8. MFI accuracy vs OSNR at CD = 0 ps/nm in the presence of MCL
for (a) LP01 and (b) LP11a.

In addition, the FMF length is varied in order to provide
different values of CD. All the impairments’ values are sum-
marized in Table 2.

At the receiver, an FMF de-multiplexer is used to decouple
the five spatial modes into five separate SMFs. For each
receiver block (see Fig. 6(b)), a coherent receiver is employed
to generate the recovered electrical signal of each mode. The
resultant electrical I and Q signal’ components, of each polar-
ization, are sampled using two analog to digital converters
(ADCs), where 8192 amplitude samples are obtained for each
component. The normalized I and Q components form an
IQH matrix of 80 × 80 bins. The IQH matrix is reshaped to

156212 VOLUME 7, 2019



W. S. Saif et al.: MFI in Mode Division Multiplexed Optical Networks

FIGURE 9. MFI accuracy vs OSNR in the presence of MCM over dispersive
channel for (a) LP01 when CD = 527.5 ps/nm, (b) LP11a when CD =

550 ps/nm.

generate a 1-D vector. The 1-D vector is then applied as an
input to the ANN.

IV. RESULTS AND DISCUSSION
In this section, we discuss the MFI accuracy results for
the FMF-based optical network. It is worthy to mention
here that the MC matrices are obtained according to [29].
The MC matrix for three kinds of lateral misalignment is
shown in Fig. 7. It is clear from Fig. 7 that the self-coupling
(diagonal) coefficients of LP01 and LP11b modes are equal.
Also, the self-coupling coefficients of LP11a, LP21a and LP21b
modes are equal. And because the off-diagonal elements of
coupling matrices are relatively small, we show in this study
the MFI results of LP01 and LP11a only to avoid redundancy.
We discuss the identification results as a function of the
OSNR in the coexistence of all MC and CD values shown
in Table 2. This generates 9 different combinations ofMC and
CD impairments. For each case, we generate 9600 data set
size (i.e. 100 realizations ×16 OSNR values × 6 modulation
schemes). The ANN is trained using 70% of the total data set
size, while 30% is used for testing. In the following, we show
the identification accuracy results for three MC-CD combi-
nations at 10 Gbaud network transmission speed. In Fig. 8,

FIGURE 10. MFI accuracy vs OSNR in the presence of MCH over dispersive
channel for (a) LP01 when CD = 1050 ps/nm, (b) LP11a when CD =

1100 ps/nm.

we show the MFI accuracy at CD= 0 ps/nm and in the coex-
istence of low lateral misalignment (i.e. MCL) for LP01 and
LP11a, at different OSNR values. The classification accuracy
reaches 100% for the six modulation formats at OSNR values
≥24 dB for LP01 and LP11a modes. At low OSNR values,
the 64-QAM is most likely to be classified as 16-QAM due to
the similarity of both constellations as noise level increases.

The MFI accuracy versus OSNR values in the coexistence
of moderate lateral misalignment (i.e. MCM) and CD= 527.5
(550) ps/nm for LP01 (LP11a), is shown in Fig. 9. For LP01
(LP11a) mode, the classification accuracy is 100% for BPSK,
QPSK, 8-QAM, and 32-QAM. However, it reaches 100% for
16-QAM at 18 dB OSNR for LP01 and LP11a modes. For
64-QAM, the MFI accuracy achieves ∼ 98% and ∼ 96% for
LP01 and LP11a, respectively, at 24 dB OSNR. This can be
justified by the difference in the self-coupling coefficients of
both modes, see Fig. 7. For high lateral misalignment (i.e.
MCH), Fig. 10 shows the identification accuracy for LP01 and
LP11a at CD equal to 1055 and 1100 ps/nm, respectively. The
identification accuracy of 64-QAM reduces to 70% (58%) in
case of LP01 (LP11a) for OSNR values greater than 20 dB.
The reason of this performance is owing to the high MC and
CD effects which cause the 64-QAM constellation points to

VOLUME 7, 2019 156213



W. S. Saif et al.: MFI in Mode Division Multiplexed Optical Networks

FIGURE 11. Average MFI accuracy vs OSNR value in the presence of all
combinations MC and CD values: (a) LP01 and (b) LP11a.

be closer to each other, making it difficult to identify this type
of modulation, see Fig. 4 (c).

It is observed that there is an overlap between 16-QAM
and 64-QAM for low and high OSNR values. In Fig. 11,
we show the average identification accuracy versus OSNR
values for all MC and CD combinations, for both LP01 and
LP11a modes. It is observed that the accuracy of LP01 is
affected more by CD, while for LP11a the dominant effect
is due to the high MC. This can be explained by the low
value of the self-coupling coefficients, shown in Fig. 7(c),
which causes more than half of power to be coupled to
the other modes. The investigation of the average MFI
accuracy at 10, 14, and 20 Gbaud transmission speeds is
also shown in Fig. 12. Three cases of MC and CD (i.e.
MCL-CD = 0 ps/nm, MCM-CD = 527.5 (550) ps/nm, and
MCH-CD = 1050(1100) ps/nm) are considered under the
transmission of LP01 (LP11a ) modes. For the first case,
the average accuracy is greater than 98%, for both modes,
when the OSNR value is greater than 20 dB, at the different
transmission speeds. In the second case, the average accuracy
reaches 90%, for both modes, at the highest transmission
speed (i.e. 20 Gbaud), for OSNR greater than 20 dB. For
the third case, the accuracy reduces to 80% and 78% at
20 Gbaud for LP01 and LP11a, respectively, for OSNR greater

FIGURE 12. Average MFI accuracy at different data rate, OSNR, CD and
MC: (a) LP01 and (b) LP11a.

than 20 dB.This is intuitively not surprising because the
impact of CD rises, as system speed increases [36].

V. CONCLUSION
Existing literature have focused on modulation format iden-
tification in single-mode fiber. In this paper, we considered
modulation format identification for few-mode fiber in opti-
cal networks for six commonly used types of PDM-QAM and
PDM-PSK signals, and the transmission of five propagating
spatial modes. The identification is achieved using features
extracted from the in-phase quadrature histogram, along with
the utilization of a feed-forward artificial neural network. The
simulation investigation is assessed under mode coupling,
chromatic dispersion, and amplified spontaneous emission
for 10, 14, and 20 Gbaud transmission speeds. For low mode
coupling and 20 dB OSNR, the average identification accura-
cies are greater than 98% for LP01 and LP11a, and reduce from
98% to 90% when the speed changes from 10 to 20 Gbaud,
at 20 dB OSNR. For the worst mode coupling (i.e. MCH) and
CD = 1100 ps/nm, the accuracies deteriorate to 80%(78%)
for LP01(LP11a) at 20 dBOSNR. The implemented classifica-
tion algorithm has the potential to be employed as a candidate
in the future elastic FMF-based coherent optical networks.
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