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ABSTRACT
Greater network flexibility through software defined networking and
the growth of high bandwidth services are motivating faster service
provisioning and capacity management in the optical layer. These
functionalities require increased capacity along with rapid reconfiguration of network resources. Recent advances in optical hardware
can enable a dramatic reduction in wavelength provisioning times
in optical circuit switched networks. To support such operations, it
is imperative to reconfigure the network without causing a drop in
service quality to existing users. Therefore, we present a system that
uses neural networks to predict the dynamic response of an optically circuit-switched 90-channel multi-hop Reconfigurable Optical
Add-Drop Multiplexer (ROADM) network. The neural network is
able to recommend wavelength assignments that contain the power
excursion to less than 0.5 dB with a precision of over 99%.
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INTRODUCTION

In recent years, the advent of network applications such as video
streaming, Internet-of-Things (IoT), and cloud computing have contributed to exponential Internet traffic growth [2]. As traffic increases,
the ability to manage capacity and provision new services in the
optical layer in real-time becomes important. Provisioning in commercial systems takes minutes per wavelength, and in practice days
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Figure 1: A 7 ROADM Mesh Network. Lightpaths across different
ROADM hops are shown with different colors. Connections between
ROADM nodes include transmission fiber, VOA, WSS, OCM, and EDFAs. EDFAs are used to maintain channel powers and VOAs are used
to correct the power divergence due to EDFA’s wavelength dependent
gain and Stimulated Raman Scattering (SRS) in the transmission fiber.

of careful offline wavelength planning are used to mitigate unpredictable dynamic effects [1, 23]. To allow for such an increase in
network traffic, optical metro and long haul networks need to be
dynamic and need to utilize network resources efficiently [12, 13].
The service provider provisions optical paths, for its customers,
such that in Dense Wavelength Division Multiplexing (DWDM) up
to 96 wavelengths (or unique optical signals) are transmitted in a
single fiber. These signals are added and dropped from the network
at Reconfigurable Optical Add-Drop Multiplexer (ROADM) nodes
which connect to Layer 2/3 switches. Previous work investigated
optical switching techniques for real time adaptation of optical layer
capacity based on changing traffic conditions. A key challenge is
the optical power dynamics which arise and cascade in a ROADM
system in the presence of optical circuit switching [7, 8, 16, 21,
24]. Solving the issue of offering wavelengths with minimal power
dynamics is key in the development of optical dynamic networks,
wavelength defragmentation, and implementing real time Routing
and Wavelength Allocation (RWA) algorithms.
Automatic Gain Control (AGC) is commonly used in ErbiumDoped Fiber Amplifiers (EDFAs) to maintain constant average gain
for varying input conditions. EDFAs are used to boost the optical
signal being transported between two end nodes. This results in
power excursions, one of the main types of power dynamics in
optical networks. Due to the EDFA’s wavelength dependent gain,
with changing input conditions, power excursions occur on active
channels, and grow over multiple EDFAs along the propagation path.
The AGC attempts to amplify the channel to obtain a target gain
value, but adding or removing a channel can cause deviations that
perturb other channels resulting in excursions. These gains can not
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RELATED WORK

The necessity of dynamic functionality in optical networks stems
from increased network traffic growth as well as on-demand capacity
variations. Internet measurements show that these traffic demands
vary throughout the day and are wasteful by over provisioning to
meet maximum demands [29]. In addition, there is a need for quickly
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be corrected until slow per-channel power controls in the optical
nodes are able to re-adjust the power level, which requires repeated
measurements and adjustments.
The cumulative effect of these power dynamics can increase nonlinear impairments at high power, and lead to Optical Signal to Noise
Ratio (OSNR) degradation at low power, both resulting in increased
bit error rate. In fact, the optical power launched into each fiber
span is a carefully controlled parameter that is continuously adjusted
to within 1 dB [3]. Additional margin for wider power variations
would compromise the system reach, increasing cost and energy. The
combination of these effects can cascade, as commerical systems
contain more than 19 amplified transmission spans and 32 EDFAs
resulting in large accumulated effects [26, 28]. Even after 5 cascaded
EDFAs, the excursion can be greater than 4 dB [16]. Furthermore,
the impact of these dynamics remains until Variable Optical Attenuators (VOAs) or Wavelength Selective Switches (WSSs) make power
adjustments, which often require seconds or even minutes of tuning,
potentially leading to extended signal outages [21].
An example of these effects can be seen in the 7 node mesh
network shown in Fig. 1. For simplicity, only one direction of the
EDFAs and ROADM are shown. In each optical fiber there are
multiple EDFAs. When looking at a ROADM node, the input signal
goes in one direction and is transmitted out of the other side after
going through multiple WSSs. The Optical Channel Monitor (OCM)
is connected to multiple monitor ports in the node, and is used to
measure the individual channel power collected from each VOA
(one for each wavelength on the fiber). This information is fed back
to the individual WSS so that it can remove any power excursions
that occur on any individual channel.
For example, if lightpath λ 2 is dynamically added to the path
from node 1 to node 2, where only λ 1 is active, then this can cause
a power dynamic in the system. If the excursion is too large it will
result in a decrease in signal quality and an increase in the Bit Error
Rate (BER) for λ 1 . Service providers need to ensure that network
reconfiguration will not affect the quality of service of active clients.
Therefore, it is important to accurately predict how network control
systems will influence the optical physical layer.
In this work, we develop a scalable neural network and conduct
experiments to evaluate its accuracy at predicting channel power
excursions resulting from optical circuit switching in a multi-hop
ROADM system. Scalability is tested over a full C-band 90 wavelength assignment set for 4 transmission spans and 5 ROADM nodes.
84,000 data samples are collected during optical circuit switching
experiments. The data is used to develop, train, and evaluate our
proposed neural network. The performance is compared with ridge
regression as used in [15]. Each method is evaluated for both prediction error and effectiveness in assigning wavelengths to minimize
channel power excursions during optical circuit switching.
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Figure 2: Theoretical gain characteristic for AGC EDFAs.

provisioning high bandwidth links for inter-data-center bulk transfers
[14, 17, 18].
There has been extensive research on optical network management and efficient RWA algorithms, but they have mostly focused on implementation at the planning phase of optical networks
[6, 10, 12, 13]. Some of this research has looked at RWA algorithms
that are power aware and enable energy efficient operation [20, 27].
However, power excursions need to be considered before dynamic
optical networks can be deployed. Analytical models were developed for predicting and minimizing power excursions [16, 19]. A
linear EDFA gain model for real time wavelength assignment in
optical circuit switching showed only 5% − 15% improvement in
power excursion reductions relative to random assignment and did
not include EDFA tilt and loading dependent gain variations such as
Spectral Hole Burning (SHB) [16]. Other analytical models based
on detailed amplifier characterization showed a 0.2 dB prediction
accuracy, but are not compatible with real-time optical circuit switching [19]. In a practical multi-hop ROADM system, a lightpath may
have numerous EDFAs, many of which may have different internal
designs or settings and even originate from different manufacturers, thereby posing significant challenges to developing a general
analytical model.
Over the past few years there has been extensive work to apply
machine learning to different domains [22, 25]. These ideas have
been used for control in data centers and internet traffic forecasting
[5, 9, 11]. Through extensive experimental testing and data collection of the channel power response during system installation and
turn-up, it is possible for a machine learning algorithm to learn to
accurately distinguish between potential new wavelength assignments that will cause excursions and those that will not. Previous
applications of machine learning for wavelength assignment demonstrated its effectiveness in a 24 channel, single-hop system [15].
Previously, an accurate and scalable machine learning algorithm
applicable to multiple hop ROADM systems including full C-band
DWDM channels has not been developed.
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EDFA GAIN MODEL

Wavelength reconfigurations in optical networks result in power excursions of active (or provisioned) channels, even those not involved
in the reconfiguration operation. The AGC in EDFAs attempts to
maintain constant average gain for all active channels, however when
adding a new channel it can cause power variations to active channels. By just looking at AGC and neglecting gain tilt, ASE noise,
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Figure 3: (a) Experiment setup of a 5-ROADM amplified optical network, including 4 fiber spans and 8 EDFAs with different gain characteristics. (b)
Gain characteristic of first EDFA, (c) Gain characteristic of second EDFA.

and other wavelength dependent processes, all channels should experience the same power excursion. The power excursions can be
approximated by the following simplified analytical equations:
in
Ptotal
=

N
X

P jin

(1)

j=1
out
in
Ptotal
= G T Ptotal
out
Ptotal
=

N
X

P jinG j

(2)
(3)

j=1

Where N is the number of active channels and G T is the target
gain setting of an EDFA, which is maintained as a constant by the
out and P in denote the total output power and the total
AGC. Ptotal
total
input power of the EDFA, respectively. G j denotes the wavelength
dependent gain of channel j and P jin denotes the input power of
channel j. The total output power equals the product of the total
input power times the target gain G T , as shown in (2), or it can be
calculated as the summation of each individual input power of the
N channels times the wavelength dependent gain, as shown in (3).
By combining (1)-(3):
PN in
j=1 P j G j
G T = PN in
(4)
j=1 P j
When a (N + 1) th channel wavelength with gain G N +1 is added into
the EDFA (can be extended for dropping a channel), (4) no longer
holds, so the AGC responds by adjusting the pump power to control
the internal amplifier gain such that G T is held constant. The amount
of the response, ∆G, can be quantified by the AGC condition:
P +1 in
∆G N
j=1 P j G j
GT =
(5)
PN +1 in
j=1 P j
The power excursion, ∆P, is equal to the gain variation ∆G. Combining (4) and (5) leads to:
P
PN +1 in
in
( N
j=1 P j G j )( j=1 P j )
∆P = ∆G = PN +1 in
(6)
P
in
( j=1 P j G j )( N
j=1 P j )
Assuming each channel has the same input power, (6) can be further
simplified into:
PN
j=1 G j (N + 1)
∆P = ∆G =
PN
j=1 G j N
=

NG T (N + 1)
NG T + G T
=
(NG T + G N +1 )N
NG T + G N +1

(7)

The sign of power excursions depends on the gain of the newly
added channel; if G N +1 > G T it gives ∆P = ∆G < 1, which means
that the added channel has a gain higher than the target gain and to
obtain the same target gain all other channels will have a negative
excursion. An example of a positive excursion, where G N +1 < G T
resulting in ∆G > 1 can be seen in Fig. 2. When only one channel
is active, λ 1 , the gain curve is set in one location at G T , but when
a second channel, λ 2 , is added that has a lower output power the
EDFA AGC tries to maintain the same mean gain and it results in
the gain profile moving up by ∆G.
Using the analytical solutions above shows that all previously
active wavelengths should result in the same ∆G, but experimentally
we see that this is not the case. Effects such as EDFA gain tilt and
spectral hole burning result in other power dynamics in the system.
In addition, while the input power at the initial ROADM might
be the same, when multiple EDFAs are used together and not all
channels are active along the entire path, predicting the resulting
power excursions can be difficult using analytical solutions. For
example, for the experimental testbed where all the EDFAs contain
the same active channels it can result in excursions greater than 3
dB.
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EXPERIMENTAL SETUP

Fig. 3 shows the 5-ROADM experiment setup for studying the optical circuit switching wavelength assignment. The network nodes
are separated by 4 standard Single Mode Fiber (SMF) spans, and
each span has two EDFAs to compensate for the loss of the ROADM
and the transmission fiber. Channel power excursions due to channel add/drop arise from the EDFAs’ different wavelength dependent
gain characteristics (Fig. 3 subset shows the two EDFAs’ wavelength
dependent gain of the first span).
Each ROADM node is built using 1x2 or 1x4 WSSs with perchannel VOA, which is typical for high performance gain flattened
DWDM line amplifiers, and supports wavelength add and drop.
Each drop port is connected to an Optical Channel Monitor (OCM)
for channel power excursion measurement. A 90-channel 50 GHzspaced DWDM source is used to create different channel configurations over the full C-band. The 90-channel DWDM source is
connected to a 1x4 coupler, which allows for adding channels into
the ROADMs.
With 90-channel DWDM input, the VOA of each ROADM is
initially tuned to ensure launch power into the fiber span at 0 dBm
per-channel and the VOA settings are stored as a reference. This configuration mitigates the channel power divergence due to wavelength
dependent gain in the EDFAs and Stimulated Raman Scattering
(SRS) in the transmission fiber. However, power dynamics due to

Input
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MACHINE LEARNING TECHNIQUES AND
ACCURACY MEASUREMENTS

A supervised machine learning algorithm is designed to model the
dynamic optical power response caused by the EDFAs and AGC
in optical circuit switching. Due to the different effects of active
channels and new channels, they are separate input features for the
machine learning algorithm. The output that we aim to predict, y is

...

wavelength dependent gain effects described by Section 3, as well as
other dynamics due to complex effects such as spectral hole burning,
excited state absorption, and nonlinear interactions in the fiber spans
will occur during optical circuit switching.
To see how the experimental effects differ from the analytical
model, the EDFA AGC response is plotted for two different dynamic
network scenarios. Fig. 4 reveals the ∆G i that results when adding a
channel to wavelength λ j for different sets of active channels. The
first example in Fig. 4(a) shows the excursions that occur when there
are initially 4 random active channels at channels 8, 20, 61, and 84.
It can be observed that λ = 20 behaves uniquely compared to the
other three active channels when a channel is added with λ from 21
to 30. The second example in Fig. 4(b) shows the excursions that
occur when there are initially 3 random active channels at channels
20, 22, and 67. It shows λ = 67 behaves distinctly when adding a
channel with λ from 15 to 20 and 50 to 80 than for λ = 20 or λ = 22.
These are just two examples of the numerous combinations of active
channels that will result in different gain variations that would not
be easily predicted by analytical solutions. Therefore, we develop
a machine learning model to predict the EDFA power excursions
where the analytical model could not.
To evaluate power excursion prediction and wavelength assignment accuracy when using machine learning algorithms, and particularly the neural network, we took 2,100 measurement sets with
random initial channel locations and numbers. Note, that in this work
all channels go through the same longest route over 4 spans, but
the neural network is scalable to a larger set of input features for a
multi-route case with more measurement sets. Each set contains 40
power excursion measurements as follows: 40 available wavelength
channel positions for adding a new channel are randomly selected,
and the dynamic power response is measured on all active channels
by switching on and off these 40 positions one by one. For each
measurement, only the launch power of active channels are leveled
to 0 dBm per-channel, while the new channels use the pre-stored
VOA reference.

...

...

Figure 4: Experimental results of adding a new channel to different
network settings.
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Figure 5: Neural Network structure with hidden layers 1, 2, 3, and 4
containing 180, 120, 30, and 15 neurons, respectively.

the maximum power excursion among all active channels, max∆Pi .
Neural networks are useful for learning when there are a large number of input features. Therefore, we develop a Neural Network (NN)
architecture utilizing Tensorflow [4] to predict power excursions of
the ROADM system. The problem of predicting the excursion which
will occur for different network scenarios is treated as a regression
problem.
The data collected in the experiments is divided into 3 classes:
training data, validation data, and test data. The training data is used
to train the neural network to minimize the MSE loss functions.
The validation data is used to determine which parameters provide
optimal performance after using the training data. We evaluate the
performance of the neural network by inputting test data that has
not been seen before and compare the predicted output to the actual
output that occurred. For comparison we used Ridge Regression
(RR) as proposed in [6] (the Kernel Bayesian Regression in [6] is
not used for comparison, as it does not scale well to a large number
of features or training samples). The regularization parameter was
tuned to 0.01 through cross validation. The data contains 2,100 cases
with 84,000 samples, where 1,680 cases (67,200 samples) are used
for training, 210 cases (8,400 samples) are used for validation, and
210 cases (8,400 samples) are used for testing.
The NN depicted in Fig. 5 includes 4 hidden layers using a combination of tanh and linear activation functions. The validation data
was used to compare the performance of different neural network
architectures. Several neural network architectures were tested with
a varying number of layers, number of neurons, and combinations of
activation functions (e.g., Sigmoid and ReLU activation functions).
The input to the neural network is represented with 180 features
by a 180-bit binary array, where a 1 represents that the wavelength
channel was active and a 0 represents that it was off. The first 90
values are used to represent the wavelength channels that were initially active. One value of the next 90 inputs is set to 1 for the new
wavelength that would be added.
The model is trained by minimizing the Mean Square Errors
(MSE) loss function using stochastic gradient descent with backpropagation with a mini batch size of m = 60 and a learning rate, α
of 0.005 over a million iterations. The error function of the neural
network with weights w is defined as:
m
1 X
E MSE (y,w ) =
(yi − f (x i ,w )) 2
(8)
2m i=1
Predictions of optical power excursions are useful in two main scenarios: (i) minimizing lightpath setup time for services with high
priority, and (ii) recommending a wavelength channel under optical
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EXPERIMENTAL RESULTS

In Fig. 6(a), the resulting test data Root Mean Square Error (RMSE)
is compared versus the number of samples used for training. It can
be seen that NN outperforms RR by more than a factor of two when
using the full 67, 200 training samples. The error between the actual
excursion and the predicted excursion for the test data can be viewed
in Figs. 6(b) and 6(c), with the black dashed line indicating perfect
prediction of power excursions, which varies from 0 to 3.3 dB. It can
be seen that NN obtains significantly better predictions than RR for
all potential excursion outputs. The latter has a higher deviation from
the experimental output and the excursion predictions are underestimated when the actual excursion is above 2 dB. Another metric for
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circuit switching operations that does not generate a large excursion
on active channels above a threshold as to keep power fluctuations
within allocated margins. We define δ -Recommendation Accuracy as
the fraction of cases in which the neural network recommends a new
channel that is within δ of the optimal channel’s power excursion.
The second metric is Classification Accuracy, which is the True
Positive Rate (TPR) (also known as Recall) for a given False Positive
Rate (FPR) and a threshold of the power excursion. TPR is the
probability of making a correct prediction with an excursion below
the threshold, and FPR is the probability of a prediction incorrectly
giving a positive test result to an actual fault beyond the threshold.
A third metric used to measure the accuracy of the recommendation is PSRR, defined as the precision at specific recall rate and
threshold for power excursion. Precision is the ratio of true positives
to the number of total positive values predicted. For our system
it is much more important to minimize the possibility of adding a
wavelength with a large excursion (False Positive) than it is to miss
a possible valid wavelength (False Negative). Thus maximizing the
PSRR is important for reliable optical system operation.

True Positive Rate

Figure 6: Experimental results: (a) RMSE of test data. (b) Neural network: Prediction vs. Actual. (c) Ridge regression: Prediction vs. Actual. (d) MAE
of individual channels. (e) Recommendation accuracy vs. threshold from optimal. (f) Recommendation error.
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prediction performance evaluation is Mean Absolute Error (MAE)
on each potential wavelength channel position, which reveals the average magnitude of the errors for each individual channel. Fig. 6(d)
shows the MAE of 8 channels. NN significantly outperforms RR as
it keeps the average prediction error on each channel below 0.1 dB.
For evaluating the δ -Recommendation Accuracy, we consider
the performance in predicting the channel with the minimal power
excursion for the 210 test cases. In Fig. 6(e), the δ threshold is varied
and the resulting δ -Recommendation accuracy is viewed for both
NN and RR. When the threshold δ is set to 0, the NN was able to
pick the best channel of 40 candidates over 70% of the time, while
RR did it only 42%. When δ is set to 0.3 dB the accuracy of RR
is 92%, while NN is over 99% with only 2 exceptional cases. The
recommendation error for each of the 210 cases is in Fig. 6(f) for
which NN outperforms RR in both the recommendations and the
maximum error.
To evaluate the Classification Accuracy, in Fig. 7(a) the FPR
is plotted versus the corresponding TPR for different thresholds.
Fig. 7(a) shows that the NN is able to better minimize the false
positives, while still determining a large portion of the available
channels. The NN can contain the excursions within 0.5 dB threshold

with the TPR of 76% while obtaining a FPR less than 1%. On the other
hand, the RR only has a 25% TPR for the same FPR and threshold.
The evaluation of the precision as a function of the recall (for
different thresholds), is shown in Fig. 7(b). Fig. 7(b) reveals that as
we cast a larger net to increase the recall of finding valid wavelenghts
it also causes the system to obtain more false positives. The NN can
predict that all excursions will be less than 0.5 dB with a precision
of over 99%, while obtaining a recall of greater than 55%. To obtain
this precision, only channels with predicted excursions below 0.33
dB are used. This results in a few false positives, but also in missing
roughly 45% of potential available channels. In order to improve the
recall rate a reduction in the RMSE is needed. In comparison for
RR to obtain the same precision it would only have a recall of less
than 14%. If the system is looking to predict channels that will cause
an excursion of less than 0.2 dB, NN can obtain a precision of 80%,
with a recall of approximately 15%, while RR can not obtain that
precision.

7

CONCLUSION AND FUTURE WORK

A neural network is developed to predict the dynamic optical power
response of a 90-channel multi-hop ROADM system, containing 4
spans and 8 EDFAs with different gain characteristic. The neural
network has an RMSE and MAE below 0.15 dB. Both are a factor
two improvement over ridge regression. The neural network performs efficiently for the large data set of a full C-band multi-hop
ROADM system with wavelength assignment precision of 99%. The
neural network can be implemented in dynamic optical networks to
allow for quick wavelength assignment. This work is a first step in
applying neural networks to rapidly route dynamic traffic demands.
In future work, we will investigate machine learning in optical mesh
and ring topologies, as well as implementation in software defined
optical networks.
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