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Abstract 
Telecommunication systems have been through continuous evolution to keep up 

the fast-growing network traffic demand. With developments such as HD video 

streaming, cloud computing, Internet of Things (IoT), hyper-scale data centers, and 

5G wireless networks, more demanding network requirements raise challenges to 

create a more efficient optical communication system that can provide the 

capability to support a wide range of applications. Specifically, 5G standards 

require more bandwidth and ultra-low latency; metro-scale optical aggregation 

networks motivate more scalable and on-demand optical network capacity. 

Dynamic reconfigurable optical add-drop multiplexer (ROADM) based 

wavelength-division multiplexing (WDM) systems in which connections are 

established through real-time wavelength switching operations have long been 

studied as a means of achieving greater scalability and increasing the network 

resource utilization. A new dimension referred to as disaggregated optical systems, 

has the potential to further drive down cost by commoditizing the hardware. While 

ROADMs are extensively deployed in today’s WDM systems, their interoperability 

and functionality remain limited. Recent advances in hardware and software such 

as optical physical layer software-defined networking (SDN) significantly improve 

the multi-layer control and management potential of ROADM systems even 

facilitating wavelength switching. However, ensuring stable performance and 

reliable quality of transmission (QoT) remain severe problems, particularly for 

disaggregated systems. A key challenge in enabling disaggregated optical systems 

is the uncertainty and optical power dynamics that arise from a variety of physical 

effects in the amplifiers and transmission fiber.  
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This thesis examines the potential for machine learning for QoT estimation in 

software defined networking control, and its application to disaggregated ROADM 

systems. Current physical layer control of flexible meshed optical networks with 

dynamic reconfigurability is reviewed, and future network control plane 

architectures based on disaggregated optical systems are discussed. To enable high 

capacity and low latency in inter-domain routing, a transparent software defined 

exchange (tSDX) is proposed and implemented. To serve a broadening range of 

applications and increase network efficiency, a novel transmission system based on 

hysteresis controlled adaptive coding is studied, which can adapt to diverse and 

changing transmission conditions, including optical signal-to-noise (OSNR) 

variations. To resolve optical channel power excursions caused by wavelength 

switching operation in optically amplified networks, the dual laser switching 

technique is proposed and experimentally verified, which is able to cancel out the 

excursion. To build an accurate numerical model for an optical amplifier, which is 

a critical component in the calculation of the QoT, a novel machine learning (ML) 

model is studied based on deep neural networks (DNN) and supervised learning. 

Experimental results demonstrate the superiority of ML-based modeling in 

prediction accuracy of the optical channel power and gain spectrum of Erbium-

Doped Fiber Amplifiers (EDFA). A hybrid machine learning (HML) model, which 

combines a-priori knowledge (the empirical numerical model) and a-posteriori 

knowledge (supervised machine learning model) is proposed and realized, which is 

shown to reduce the training complexity, both in time and space, compared to an 

analytical or neural network-based model. The potential improvement to the current 

QoT estimation framework is proposed and analyzed, based on this enhanced 

EDFA model. 
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Chapter 1 Introduction 
Internet traffic has grown exponentially and introduced challenges to the 

telecommunication industry in order to keep up. Fiber-based transmission systems, 

which have superior performance in long-distance transmission, for a long time 

have been the dominant transmission technology for data transmission, up to the 

last meter or mile. The performance of optical transmission systems (specifically, 

transmission distance and data rate) keeps increasing in the last decades with the 

development of new technologies such as wavelength division multiplexing 

(WDM), erbium-doped fiber amplifiers (EDFA), arrayed waveguide gratings 

(AWG), forward error correction (FEC), and coherent transmission [1], [2]. With 

the latest technologies such as advanced modulation formats, probabilistic shaping, 

and geometric shaping, the spectral efficiency of transmission systems has been 

growing and is now close to the Shannon limit [3]–[6]. The maximum network 

capacity is limited by the optical impairments for example due to optical amplifier 

noise, fiber nonlinearity, and filtering effects in optical switches [7], [8]. According 

to the Shannon Theorem, the channel capacity is limited by the signal to noise ratio, 

and thus the maximum channel capacity is limited.  

Figure 1.1 shows the growth of optical channel capacity in the past decades. In 

the 1980s, the improvement of optical fiber was the main contributor to the 

improvement of transmission systems. In the 1990s, the EDFA was commercialized 

and motivated the development of WDM systems. The signal amplification in the 

optical domain largely increased the transmission distance for point to point 

systems. From the late 2000s, with the development of coherent transmission 

systems, the spectral efficiency was increased and was approaching the Shannon 

limit. From the 2010s, spatial division multiplexing starts to increase the total link 

capacity in lab experiments by using multi-core fiber and parallel fiber or multiband 



 
19 

 
 
 
 
 
 
 
 

(C+L) commercial systems are increasingly deployed. However, since SDM uses 

multiple cores or fibers, the single-fiber capacity is not improved. In the foreseeable 

future from 2020, a potential capacity crunch is anticipated [9], in which this 

parallel system growth leads to increased costs per bit. 

 

Figure 1.1 Capacity of a single mode fiber link over time. The current system is 
reaching the Shannon limit, and capacity crunch is expected by 2020 [9]. 

The demand for network traffic keeps growing with annual growth estimated at 

26% [10]. Using a higher baud rate (symbols per second) is a traditional method to 

increase the single-channel bit rate. However, a higher baud rate results in wider 

signal spectrum, thus it usually provides little or no advantage in terms of spectral 

efficiency (SE), the key factor of total optical link capacity, since the optical fiber 

has a limited transmission window, a.k.a., the optical bandwidth, which has low 

attenuation and can be easily amplified by a single-band optical amplifier. 

Alternatively, novel methods that increase SE are being heavily investigated. For 

example, higher-order modulation formats (64 QAM) and modulation format 

shaping are promising ways to increase the SE. However, a higher-order 

modulation format requires a higher optical signal to noise ratio (OSNR), which 
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limits the transmission distance/data rate due to the accumulated noise from the 

optical amplifiers.  

Yet another direction to improve the overall efficiency of optical networks is to 

improve the network control and management, which can increase the bandwidth 

utilization through techniques such as physical layer reconfigurability. Network 

control means hardware control for physical layer operation, or basically how the 

controllers make the network components work. Network management refers to the 

policy and algorithms for network control, or how the controller should be operated. 

In currently deployed optical systems, the optical signal configuration is fixed in 

place once provisioned, with limited network management capabilities. Enabling 

fine-tuning in the optical physical layer is a potential method to improve 

transmission capacity in optical networks, where individual network components 

can be monitored and controlled directly by the network operator, or possibly even 

advanced end-users such as enterprises, to meet dynamic traffic demands and 

physical layer conditions. For example, end-users could change the modulation 

format, type of forward error correction, data rate, wavelength, or launch power to 

maximize the optical link capacity according to optical channel conditions. In 

production environments, the end-user (e.g. network engineer of 

telecommunication companies or software tools that automate the network 

management) might adaptively control the optical power to maintain transmission 

quality. In optical physical layer control and management operations, one key 

metric is the quality of transmission (QoT) of optical signals being configured, 

based on which the end-user can make network operation decisions [11]. 

Quality of transmission is a generic metric to evaluate the transmitted signal 

quality in an optical signal transmission path. In general, the transmission system 

quality factor (Q) is often used as a QoT metric, for example, which shows the end 
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to end signal transmission quality and can be used to calculate the bit error ratio 

(BER). This metric is convenient because it takes the performance of the optical 

transmission link and the optical transceivers into consideration. However, since 

different optical transceivers could be used in the same transmission link, the Q 

factor cannot be used to independently characterize the transmission links 

(including fiber, optical amplifiers, and optical switches, but excluding the 

transmitter and receiver). Alternatively, the optical signal to noise ratio (OSNR) 

becomes another QoT metric, where the degradation of signal quality can be 

measured for an optical channel. As long as the transceivers are characterized, the 

BER can then be easily estimated based on the OSNR value. However, the OSNR 

does not reflect the fiber nonlinearity, another major optical impairment to signal 

distortion. By using the Gaussian Noise (GN) model, generalized OSNR is 

developed as a more general QoT, which can reflect fiber nonlinearity.  

 

Figure 1.2 Example of QoT estimation in network control and management: New 
optical channel provisioning [12]. 

Figure 1.2 shows an example of the QoT estimation in a transparent optical 

network, where a new optical channel is to be provisioned into the network, which 

will travel through multiple optical fiber spans, EDFAs, and optical switches. 

Before the optical channel can be added into the fiber, the signal quality arriving at 
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the receiver side, as well as the impact to other optical signals sharing the same 

fiber should be estimated, to make sure that the optical channel can be decoded 

correctly and does not have a negative impact to other optical channels. A 

comprehensive signal quality estimation, i.e. QoT calculation, has to be conducted 

before any optical physical layer signal provisioning operation. As shown in Figure 

1.2, a control layer is needed to manage all of the provisioning steps. Here is shown 

a software defined networking (SDN) orchestrator that collects telemetry 

information to store in a system database for use by artificial intelligence (AI) 

algorithms to facilitate the physical layer controller actions. The development of 

such control plane capabilities is critical for operating optical systems in ways that 

can improve their overall efficiency and is a major focus of this thesis. In order to 

better understand the architecture illustrated in Figure 1.2, its useful to review the 

evolution of optical systems and their control, which is described here in terms of 

a series of technology generations. 

1.1 Evolution of Optical Transmission Systems 

 

Figure 1.3 First generation of WDM optical network. Point to point optical link is 
used and the optical signal is regenerated after transmission in a fiber span of 
typically 60 km. In each regeneration node, the signal is fully recovered and 
retransmitted. 

When WDM systems were deployed in the late 1990’s and early 2000s, point to 

point transmission systems were commonly used and electronic regeneration was 

used for long-distance transmission (shown in Figure 1.3), where the signal 

undergoes a conversion/retransmission process from the optical domain to the 
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electrical domain and then from the electrical domain back to the optical domain 

(i.e. OEO conversion) [13]–[17]. The optical signals transmitted from optical 

transceivers are combined using a wavelength multiplexer and then transmitted 

through a single fiber link. In each regeneration node (OEO node), WDM signals 

are demultiplexed often by arrayed waveguide grating (AWG) devices. The 

regenerated optical signals are then combined again by another AWG for 

transmission to the next node. In the regeneration node, the optical signal distortion 

is removed by decoding the optical signal to an electrical digital signal and 

retransmitted, and the optical channel power can be set to the optimum launch 

power without an additional control system. Since regeneration requires multiple 

optical transceivers at each regenerator, the network infrastructure cost is much 

higher, compared to an optically amplified system [18], [19]. 

 

Figure 1.4 Second generation of WDM systems with optical amplifiers (EDFA), 
which amplify an optical signal without OEO conversion and is regardless of the 
format or data rate of the signal. EDFA significantly increases efficiency and 
reduces the cost of network construction. 

The next generation of WDM systems used optical amplifiers instead of 

electrical regeneration nodes (Figure 1.4). However, since optical amplifiers have 

wavelength-dependent gain, the optical channel power diverges after traversing 

through cascaded fiber spans and amplifiers. This was often addressed by using 

dynamic gain equalization filters (DGEF), where the WDM signal is demultiplexed 

by an AWG and the individual optical channel powers are controlled separately by 

variable optical attenuators (VOA). A DGEF was often placed after several optical 
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amplifiers to compensate for the variation of optical channel power. Meanwhile, 

since the optical signal is not regenerated periodically, the optical domain 

impairments will accumulate along the transmission path. For example, the 

chromatic dispersion is accumulated, which is often reduced by using dispersion 

compensation modules (DCM) at each amplifier node. The residual chromatic 

dispersion requires careful manipulation using DCMs to ensure transmission 

quality. Amplified spontaneous emission (ASE) noise generated by optical 

amplifiers is also accumulated, which degrades the optical signal to noise ratio 

(OSNR). As for the calculation of transmission quality of optical channels, various 

models were proposed and accurate signal quality could be calculated accurately in 

point to point WDM optical transmission links. [13]–[16], [19]–[23]. 

 

Figure 1.5 Third generation of WDM optical network based on ROADM and 
meshed topology. The optical signal can be configured and the usage of optical 
fiber is increased. Network flexibility introduces higher complexity in the signal 
quality calculation and research in QoT estimation, which predicts optical signal 
quality before channel provisioning is motivated [17]. 

With the development of meshed optical networks and reconfigurable optical 

add-drop multiplexer (ROADM) based wavelength routing, newer WDM systems 

enabled network flexibility, leading to ROADM based mesh optical networks 

(Figure 1.5) [24]–[26].  
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Figure 1.6 Example of a ROADM node built with wavelength selective switch 
(WSS) and optical amplifiers. 

In Figure 1.6, an example of a ROADM node consisting of wavelength selective 

switches and optical amplifiers is shown. Typically, a ROADM node consists of 

two-wavelength selective switches, which is a device that typically has one input 

port and multiple output ports. WDM optical signals are sent to the input port and 

individual optical channels can be routed and attenuated to different output ports. 

A WSS is often used for the add or drop operation of optical channels. Since a WSS 

adds additional insertion loss, additional EDFAs are included to compensate for the 

loss [25 -27]. 

Coherent transmission was developed not long after ROADM based optical 

networks were widely deployed, which resolved the issue in the manipulation of 

both chromatic dispersion (PMD) and polarization mode dispersion, as the 

chromatic dispersion and PMD can be compensated in the DSP circuit instead of 
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using DCMs [27]. In fact, the use of DCMs along the transmission path is 

detrimental to the signal quality in coherent systems. Unlike the point to point 

WDM system, the ROADM based meshed network has a complex pattern of optical 

channels sharing optical lightpaths in different combinations throughout the 

network, making the signal quality computation complexity much higher. To 

estimate the transmission quality of the optical channel before channel provisioning, 

the QoT estimator, which can calculate transmission performance, becomes the key 

element to optical network control and management[15], [24]. The term “QoT 

estimation” is then formalized in later research.  

 

Figure 1.7 Disaggregated optical network with Whitebox/OpenROADM 
systems [28]. 

The ROADM based meshed optical network used today enables flexibility and 

control capability in the optical physical layer. New methods such as software-

defined networking (SDN) are enabling expanded control capabilities including in 

optical systems. Although commercial use of SDN has been limited to management 

interfaces, SDN has recently been used in research on optical physical layer control 

planes, where physical layer devices can be configured by the control layer and 

fine-tuned to improve system performance. Open and Disaggregated Transport 

Network (ODTN) project, for example, is motivating the disaggregation of 

software control and hardware, including capabilities for optical systems (Figure 
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1.7). Disaggregation of the optical system is a new concept in optical networking 

industry, which allows for the detachment of the software layer and hardware layer 

in a network, enabling customization of the optical network and introducing the 

interoperability/compatibility of devices manufactured by different vendors. 

Disaggregation can also motivate the competition among network system vendors 

to drive down the network building cost. [28]–[34] 

1.2 Evolution of Quality of Transmission Estimation 
QoT has been investigated extensively in the last decades. In the beginning, 

statistical estimation of BER was used, and signal distortion due to transceiver-

based and fiber-based impairments were studied, such as chromatic dispersion, 

transmitter noise, and receiver noise [35]. The eye diagram and statistical methods 

were used as tools for BER estimation. While these methods can calculate accurate 

BER for back to back measurements, they are inaccurate for nonlinear impairments 

due to the pattern dependent nature of nonlinear effects. In a simulation study of a 

transparent network in 2004, the use of BER estimation based on eye analysis 

monitoring was shown to reduce up to 47% of regenerators [36] by reducing 

performance margins required without monitoring. However, since eye diagrams 

do not indicate the impact of nonlinearity, this method can only be used in a 

transmission system with little nonlinear impact. In a later study in 2007, an 

experimentally verified model for QoT estimation was reported, which takes 

residual CD, nonlinear phase, PMD, and OSNR into consideration, and calculates 

the Q factor with the error below +/- 2 dB for 99.97% of the experimental cases 

[37]. This comprehensive model includes most of the optical impairments but had 

a Q factor prediction with limited accuracy. With the development of ROADM 

based mesh network, the impairment-aware routing and wavelength assignment 

(IA-RWA) becomes a issue in network controlling. In a later study in 2011, based 
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on the QoT estimator, an IA-RWA algorithm considering the inaccuracy of QoT 

estimation was implemented, which shows a reduction of the regeneration and 

wavelength blocking rate [38]. Since the network operation (add/drop of optical 

channels) has a repeated/periodic pattern, novel methods involving machine 

learning has been studied. In 2017, a simulation system of network transmission is 

used for model training and a reduction of network margin is reported that can 

increase network capacity by 15% [39]. With the quick development of ML 

techniques, in 2019, a QoT framework using a machine learning-based model for 

end-to-end transmission estimation is reported to significantly reduce the system 

cost [40]. These examples illustrate the evolution of QoT estimation methods over 

the roughly 16 years of its history. 

In the QoT framework, the optical impairment and signal distortion caused by 

passive network components are straightforward to calculate. However, fiber 

nonlinearities and active devices with proactive control logics such as laser sources 

and optical amplifiers that have complex feedback processes, are difficult for 

modeling and calculation based on detailed physical models. If we had detailed data 

about every physical parameter throughout the system at every moment, then we 

could just use these parameters with precise physics-based models. For the early 

point to point systems this could be done with reasonable accuracy, but with mesh 

networks and more so with disaggregated networks, this approach is no longer 

practical. In these systems, more data is needed and better ways to calculate with 

that data to account for a large number of variations and uncertainties. A good 

engineering tool that is becoming popular in the last decade is machine learning, 

which can provide reasonable performance in predicting non-linear and complex 

systems behavior with incomplete data. It has found application in optical 

transmission systems to build models for nonlinear processes and active devices.  
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Initially, machine learning received much attention used for perception and 

pattern recognition [41]. Deep neural networks with supervised learning have 

helped the development of computer perception problems such as image processing 

and voice recognition [42], [43]. Recent unsupervised machine learning tools such 

as deep convolutional generative adversarial networks (GAN), have been 

successfully applied to autonomous learning [44]. The most famous example of 

autonomous learning is Alpha Go, which is a go program that demonstrated a better 

performance than humans [45]. Due to the capability to handle complex problems 

with extensive data sets machine learning is motivating research in QoT estimation 

in optical systems [46]–[48]. Instead of using a physical layer model, a machine 

learning-based model has potential to address complex, nonlinear problems, which 

is an ideal tool for large meshed optical networks which have fiber nonlinearities 

and complex physical layer control logic [49], [50]. There are three significant 

reasons for the popularity of ML in optical networks. One is the increased 

complexity of network topologies and technologies used in optical transmission 

such as an increased number of factors in the QoT estimations. The other reason 

for the popularity is the easy access to ML tools, in which most of the software are 

open-sourced. A third reason is the use of programmable network control and 

optical physical layer SDN, which simplifies network component characterization.  

In this dissertation, the major objective is to improve current QoT 

estimation methods by using machine learning-based models. The most 

significant contribution is the development of novel machine learning-based EDFA 

numerical models built by using supervised learning and deep neural networks. The 

EDFA physics determines the wavelength dependent optical power and noise and 

therefore are the main determinants of both the nonlinear impairments (due to the 

optical output power) and the OSNR. Focusing on the EDFAs is a novel approach 
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that is more scalable than end to end system QoT machine learning models. In 

addition to using neural networks, a hybrid learning approach was developed to 

largely reduce the training complexity of deep neural networks and improve the 

prediction accuracy, with a combination of a priori and a posteriori knowledge. 

Other contributions include the implementation of a dual laser transmission system 

to mitigate optical power dynamics, a new automated characterization method of 

the EDFA gain profiling using a disaggregated optical testbed, and network 

performance improvement by adaptive coding. A novel QoT estimator, based on 

the Gaussian Noise model and open source project oopt-gnpy, improved by 

Machine Learning based modeling for network components is proposed and studied. 

The remaining chapters are arranged as follows. 

In Chapter 2, on overview of optical transmission systems and networks is 

provided, including the fundamentals of Erbium-Doped Fiber Amplifiers (EDFA), 

Quality of Transmission (QoT) estimation, Gaussian Noise (GN) model-based QoT 

estimation, and the basic theory of machine learning used in this work. 

Chapter 3 provides a description of several research contributions and activities 

in network control and management, including the development of a transparent 

software-defined exchange (tSDX) using a unique multi-domain optical physical 

layer testbed, adaptive coding which optimizes network robustness and bandwidth 

using a real-time OSNR monitoring system, COSMOS testbed development, and 

optical SDN control plane development. The importance of QoT in network control 

and management is discussed and recent QoT estimation frameworks are analyzed.  

Chapter 4 introduces one of the most challenging problems in QoT estimation: 

predicting power dynamics in optical amplifiers. Optical channel power excursion 

is one of the major manifestations of optical power dynamics. To offer rapid 
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wavelength routing operation for dynamic ROADM transmission systems, various 

methods are investigated to predict and mitigate power excursions. First, a dual-

wavelength switching source is implemented to distribute an optical signal over 

two wavelengths to equalize the average gain and mitigate power excursions. 

Second, a non-disruptive and proactive probe method is investigated to predict a 

variety of physical parameters and recommend optimal wavelength assignments 

with minimal power excursions. Third, a deep neural network-based machine 

learning method is studied to predict the optical power dynamics from data 

collection and training. The trained deep neural network can recommend 

wavelength assignments for wavelength switching with minimal power excursions.  

Chapter 5 introduces research on the machine learning-based numerical model 

for optical amplifiers. Various optical amplifier models are introduced in this 

section, including a mathematical model based on physics which explains the 

principle of optical channel power excursion and an empirical model which is used 

for gain spectrum estimation. In this chapter, the first example of a machine 

learning based model for EDFAs using deep neural networks is presented, which 

has superior prediction accuracy. The first hybrid machine learning model for 

EDFAs, which combines a priori and a posteriori knowledge, and realizes faster 

convergence and reduces the size of training data, is proposed and implemented. 

Chapter 6 describes the implementation methods of QoT estimators, including 

the application in a production environment, the optimization of the oopt-gnpy, 

automation of the modeling process such as data capturing, model training, model 

deployment, and QoT prediction. 

Chapter 7 is the conclusion and the discussion of future research topics. 
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Chapter 2 Theory of QoT Estimation in Optical Networks 
This chapter covers the fundamentals of optical transmission systems, EDFAs, 

quality of transmission estimation, machine learning, and ML-based control. 

2.1 Optical Transmission Systems 
The physical layer optical transmission system is designed to transmit digital 

data via optical fiber. In a typical optical transmission system, a laser source emits 

a single-wavelength light wave, a.k.a. a carrier wave, which is modulated by a 

baseband signal. As a result, the baseband signal is up converted to the carrier band. 

In most optical transmission systems prior to 2010 on-off keying (OOK) was 

widely used due to limitations in high speed digital signal processing (DSP) needed 

for more advanced modulation formats.  

In the 2010s, with the development of high-speed DSP, coherent optical 

transmission gradually took over OOK, which has higher spectral efficiency and 

can compensate chromatic and polarization mode dispersion (CD and PMD) in DSP 

instead of using chromatic dispersion compensation fiber (DCF).  

 

Figure 2.1 Constellation maps of BPSK (1 bit), QPSK (2 bits), 8PSK (3 bits), 
and 16-QAM (4 bits) modulation formats [51].  

In Figure 2.1, the constellation maps of different modulation formats are shown, 

which can transmit up to 4 bits in a single symbol. If M is the modulation 
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constellation size, Rc is the coding rate, Rb is the baud rate, Δf  is the channel spacing, 

then the spectral efficiency can be written in Equation 2.1. 

Spectral Efficiency [𝑏𝑏𝑏𝑏𝑏𝑏/𝑠𝑠/𝐻𝐻𝐻𝐻] =
𝑓𝑓𝑏𝑏𝑓𝑓𝑐𝑐 log2 𝑀𝑀

∆𝑓𝑓
 

Equation 2.1 Spectral efficiency of a single-polarization optical signal. 
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Figure 2.2 Spectrum of 4, 8, 16 QAM signals with 28GBaud rate after traversing 
through 1-9 EDFAs. The bandwidth of the optical signal shown in the figure is 
around 0.4 nm (50GHz) for all the modulation formats. Since higher modulation 
can transmit more bits per symbol, the overall spectral efficiency is increased. 

4QAM

8QAM

16QAM
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The measured spectra of 4, 8, 16 QAM modulated optical signals transmitted 

through nine cascaded EDFAs are shown in Figure 2.2. We can see that the baud 

rate (28G) and the spectra width (~0.4nm) are the same for each signal, therefore 

for constant coding rate, the spectral efficiency is increased for the larger 

constellation sizes. Tolerance to the increasing ASE noise apparent on either side 

of the signals will be an important consideration discussed below. 

 

Figure 2.3 Coherent transmitter with PM-MQAM modulation formats. 

In a coherent transmitter, the optical carrier wave is modulated by an IQ 

modulator driven by the signal source. The amplitude and phase of the carrier wave 

are changed due to the different constellation points of the modulation symbol. 

Figure 2.3 shows an example of a polarization multiplexed-quadrature amplitude 

modulation (PM-QAM) transmitter, which uses a low-linewidth laser source to 

generate the carrier wave that is modulated by the digital signals to be transmitted. 

Depending on the amplitude of the I and Q components, different constellation 

points can be accessed. Different implementations of this coherent transmitter will 

be shown in the experimental results in Chapter 3 and 4. Figure 2.4 shows the lab 

apparatus in which the transmitters were configured, including associated lab 

equipment and components. 
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Figure 2.4 100G PM-QPSK transmission system (transmitter side). 

 

Figure 2.5 Eye diagram of 100G PM-QPSK optical signal. 

Figure 2.4 shows the setup of a 100G PM-QPSK optical transmission system 

(transmitter side) built in the TOAN (Testbed for Optical Access Networks) lab in 

University of Arizona. The eye diagram of the transmitted signal is shown in Figure 

2.5. Trajectories between the four different QPSK constellation points are evident 

in the crossings. The constellation points overlap with equal amplitude and open 

eyes. 
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Figure 2.6 An example of a coherent receiver that decodes the PM-QPSK signal. 

In a coherent receiver, the transmitted coherent signal which is modulated in 

both amplitude and phase is coupled with a local oscillator (LO), which serves as a 

reference light wave to extract the amplitude and phase information, as is shown in 

Figure 2.6. In the DSP circuit, adaptive equalization with a constant modulus 

algorithm (CMA) is used to separate polarizations, compensate linear optical 

impairments such as chromatic dispersion (CDC), and decode the raw signal with 

frequency offset compensation and phase noise compensation. Due to higher 

spectral efficiency, the coherent transmission system can reach 100 Gbps bit rate 

using 25 GBaud clock rate, with polarization multiplexing and 4 QAM modulation. 
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Figure 2.7 BER vs. OSNR curve for a 100G PM-QPSK coherent optical 
transmission system. 
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Figure 2.8 100G PM-QPSK transmission system (receiver side). 

 
Figure 2.9 Constellation diagram of decoded 100G PM-QPSK signal in offline 
DSP program. 

In Figure 2.7, the transmitted coherent signal with different levels of injected 

ASE noise is decoded and the resultant BER is recorded. In this figure, the 
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theoretical curve in dashed red shows the best possible curve based on the Shannon 

Theorem. The measured average BER over both polarizations is also shown along 

with the BER for one polarization. By careful control of the fiber lengths and 

polarization, a BER of 1E-3 is achieved for a 15 dB ONSR. This compares with an 

OSNR of 16 dB at 1E-3 BER for a commercial transceiver used in the COSMOS 

testbed, described in Chapter 3.  Figure 2.8 shows the coherent receiver apparatus 

used in experiments described in Chapter 3 and 4. This is an ‘off-line’ DSP receiver 

because the output of the four balanced photodetector pairs are immediately 

digitized using a 50 GSa/s real time oscilloscope and the DSP operations are 

performed in software loaded into the oscilloscope. Figure 2.9 shows the 

oscilloscope plots of the constellation diagram of a decoded 4x25 GBaud QPSK 

signal in two polarizations. 

This optical transceiver is built by individual optical components and this system 

is used for most of the experiments in Chapter 3 and Chapter 4. Besides optical 

transmitter and receiver, there are other components in the transmission link such 

as the optical amplifier, optical space switches, and optical 

multiplexer/demultiplexer. To transmit many wavelengths through an optical fiber, 

there are multiple transmitters and receivers at the end of transmission link, where 

the different signals share the same fiber by wavelength multiplexing, usually 

enabled by a wavelength selective switch (WSS) device. Optical amplifiers are used 

to compensate for the signal loss due to fiber attenuation and losses in the nodes. 

Since the gain spectrum is not flat in optical amplifiers, accurate modeling becomes 

an important topic for signal quality calculations. 
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2.2 Erbium-Doped Fiber Amplifiers  
An optical amplifier amplifies the optical signal by using a stimulated emission 

process. Signal power amplification can also be done in the electrical domain by 

converting the optical signal to an electrical signal and retransmitting. However, 

signal amplification in the electrical domain is expensive because electrical 

amplification requires two full transceivers to amplify a single signal; whereas, and 

single optical amplifier can amplify an entire WDM band, up to 96 channels. In 

commercial systems, the cost and complexity of an optical amplifier is typically 

similar to that of a single optical transceiver, therefore they provide a 200-fold cost 

benefit. From an engineering perspective, optical amplifiers are also useful because 

they can have a highly adjustable gain and provide signal format/protocol 

independent amplification. 

Several types of optical amplifiers are available for use in optical networks, 

including semiconductor optical amplifiers (SOA), erbium-doped fiber amplifiers 

(EDFA), and Raman amplifiers. The key specifications of an optical amplifier 

include gain, gain spectrum, maximum output power, and noise figure. Due to the 

amplified spontaneous emission (ASE), the optical signal to noise ratio (OSNR) 

deteriorates after traversing through the amplifier. Figure 2.2 shows the spectrum 

after transmitting through multiple EDFAs, where the noise level increases after 

each amplifier and the signal OSNR is decreased. The typical parameter for 

measuring the ASE noise level is noise figure (NF), which is defined as the ratio of 

input OSNR and output OSNR of an EDFA. 

An EDFA is an example of an inexpensive and commonly used optical amplifier 

that can amplify the signal in the optical domain, i.e. in optical fibers. By sending 

a high power optical pump laser output into the erbium-doped fiber, excited Erbium 
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ions are generated in the fiber. Wherever there are excited ions, an input optical 

signal can trigger stimulated emission, where the phase and frequency of stimulated 

photons is the same as the incident photons.  

The stimulation process is accompanied by random optical emission, which is 

called spontaneous emission. The total power of the ASE noise in an EDFA in a 

signal channel can be written in the form of Equation 2.2. 

 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴 = ∫ 𝑁𝑁𝑁𝑁𝑛𝑛𝑛𝑛
2

(𝐺𝐺 − 1)(ℎ ⋅ 𝜈𝜈) d𝜈𝜈𝑓𝑓𝑅𝑅
𝑓𝑓𝐿𝐿

 

Equation 2.2 Cumulated ASE noise power in the signal channel caused by an 
EDFA. In this equation, 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁  is noise figure, G(ν) is the gain, h is Planck 
constant, ν is the frequency of the photon, 𝑓𝑓𝑓𝑓 and 𝑓𝑓𝑓𝑓 are left and right bound of 
signal channel.  

 

Figure 2.10 OSNR degradation with the number of EDFAs measured for two 
signals with different modulation formats. 

Figure 2.10 shows an experimental result of two  different coherent signals (PM-

QPSK and PM-16QAM) traversing through 8 EDFAs in cascade. As shown in the 

figure, the signal quality (OSNR) degrades with an increasing number of EDFAs. 
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The OSNR is independent of the modulation format, although the QPSK signal had 

a better starting OSNR. The ASE noise is additive as shown in Equation 2.3 OSNR 

in linear scale with cascaded EDFA compensating for the loss of each span. The 

noise is linear to the number of  EDFA (N) and the  OSNR (in  dB) has a 3 dB 

reduction whenever the number of EDFA doubles, as is shown in Figure 2.10. 

Equation 2.3 OSNR in linear scale with cascaded EDFA compensating for the 
loss of each span. The noise is linear to the number of EDFA (N) and the OSNR 
(in dB) has a 3 dB reduction whenever the number of EDFA doubles, as is shown 
in Figure 2.10. 

OSNR =
𝑃𝑃𝑐𝑐ℎ − 𝑁𝑁𝑁𝑁𝑛𝑛𝑛𝑛ℎ𝜈𝜈𝐵𝐵𝑛𝑛𝑜𝑜(𝑒𝑒𝛼𝛼𝐿𝐿𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛 − 1)𝑁𝑁

𝑁𝑁𝑁𝑁𝑛𝑛𝑛𝑛ℎ𝜈𝜈𝐵𝐵𝑛𝑛𝑜𝑜(𝑒𝑒𝛼𝛼𝐿𝐿𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛 − 1)𝑁𝑁
 

EDFAs have many advantages which have led to their widespread use, but they 

suffer from a non-uniform gain spectrum and power dynamics whenever the input 

signal changes (Figure 2.12). This means that the OSNR will be wavelength 

dependent and vary with changes in the input signals, complicating quality of 

transmission algorithms that depend on the OSNR. An EDFA can amplify the 

signal in the optical domain regardless of the format and data rate of the signal. As 

a result, multiple optical channels can be amplified using a single EDFA.  

 

Figure 2.11 (a) Gain spectrum and (b) gain offset due to wavelength switching 
operation [52]. 

In previous research, detailed physical models and empirical models have been 

studied in order to account for the wavelength dependent gain and its impact on 
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power dynamics. These models typically depend on how the amplifier gain is 

controlled. Particularly important is the case of automatic gain controlled EDFAs 

(the average gain is adaptively controlled to match the set gain). A detailed physical 

model was developed to determine the optical channel power excursion due to 

wavelength-dependent gain and the system wavelength switching operations (i.e. 

add/drop of optical channels) [53]. However, a recent empirical model was 

developed to give a simple method to calculate the wavelength-dependent gain 

based on the input channel loadings (Equation 2.4), based on the general form of 

the physical model. 

𝑔𝑔�(𝜆𝜆𝑖𝑖) = 𝑔𝑔(𝜆𝜆𝑖𝑖) +
∑ �𝑔𝑔𝑠𝑠�𝜆𝜆𝑗𝑗� − 𝑔𝑔�𝜆𝜆𝑗𝑗��𝑛𝑛
𝑗𝑗=1

𝑁𝑁
 

Equation 2.4 Gain spectrum model based on gain ripple characterization. 

In this expression, 𝑔𝑔�(𝜆𝜆𝑖𝑖) is the gain spectrum of wavelength 𝜆𝜆𝑖𝑖 when a set of 

wavelengths {𝜆𝜆1, … , 𝜆𝜆𝑛𝑛} is input to the EDFA. 𝑔𝑔(𝜆𝜆𝑖𝑖) represents the characterized 

WDM gain spectrum, i.e., the gain spectrum when all WDM input channels are 

active. 𝑔𝑔𝑠𝑠(𝜆𝜆𝑖𝑖)  denotes the characterized single-channel gain spectrum, i.e., the 

spectrum of the gain of each channel 𝜆𝜆𝑗𝑗 when no other channels are present. This 

center of mass (CM) approach conveniently provides an estimate from easily 

measured configurations but misses detailed effects that can be important, 

particularly in certain corner cases. 

In this dissertation, a detailed study is conducted to model the EDFA 

numerically using machine learning to improve the QoT estimation.  

2.3 Quality of Transmission Estimation 
Next-generation network infrastructure is motivating dynamic network 

reconfiguration. One of the most demanding tasks is to develop a robust and 
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accurate system to calculate the system performance, in which the most critical 

aspect is the quality of transmission (QoT) estimation. 

 

Figure 2.12 Example of a transparent optical network: Pan-European network 
topology with Kiev and Moscow included [24]. 

Quality of transmission is used to evaluate the transmitted signal quality at the 

receiver side. The bit error ratio is a direct measurement of the decoded signal 

quality, but requires the original input data for exact calculation. The BER estimate 

provided by forward error correction (FEC) decoding at the receiver can provide a 

good estimate of the BER, referred to as the pre-FEC BER. This is widely used as 

the received BER in a production system. Other measurements include an optical 

signal to noise ratio or Q factor, which are indirect measurements of signal quality 

based on the optical noise characteristics. The estimation of the quality of 

transmission is a hard problem because it is affected by many factors.  
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Figure 2.13 Power and BER of optical channels transmitted from Paris to 
Budapest [24]. 

For example, consider an optical signal transmitted through multiple fiber spans. 

Transmission through optical fiber spans will introduce fiber impairments, 

including optical attenuation, chromatic dispersion, polarization mode dispersion, 

and fiber nonlinearities. Also, since the signal will go through optical amplifiers, 

amplifiers will introduce amplified spontaneous emission noise, which lowers the 

optical signal to noise ratio. Figure 2.12 shows an early experiment of a transparent 

optical network in Europe. Figure 2.13 shows the key optical signal quality 

measurement for an optical link. The optical channel power and BER is measured, 

which are the key parameters of QoT. This is the very first wavelength dependent 

QoT measurement in a transparent optical network. [24] 

In physical layer model based QoT estimators, the Gaussian Noise model is 

widely used for fiber nonlinearity estimation. It uses the mathematical 

simplification that the nonlinear noise in optical fiber transmission can be 

approximated as Gaussian noise, with the same statistics as but independent of 

amplified spontaneous emission (ASE) noise.  
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𝑔𝑔𝑔𝑔𝑔𝑔𝑁𝑁𝑓𝑓 =
𝑃𝑃𝑠𝑠𝑖𝑖𝑠𝑠

𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑃𝑃𝑁𝑁𝐿𝐿𝑁𝑁
 

Equation 2.5 Generalized optical signal to noise ratio. 

The GN model simplifies the model of nonlinear noise for mathematical 

processing. The very first study assumes that when a high number of the 

uncorrelated channels are transmitted, nonlinear noise can be seen as stochastic, 

and the OSNR estimation can be written in Equation 2.5 [16]. This model can be 

used to predict the quality of transmission given the assumption that a coherent 

signal transmits over a long-distance, where the nonlinear noise under the effect of 

group velocity dispersion will be broadened over multiple bit periods, which leads 

to Gaussian noise behavior. As a result, the nonlinear noise can then be treated as 

additive noise along with the ASE noise. 

Table 2.1 Transmission system requirements for Gaussian Noise model [54] 

Parameter Value 

Symbol rate >= 28 G Baud 

Channel spacing <= 100 GHz 

Channel number >= 3 

Fiber dispersion >= 2 ps•nm-1•km-1 

System-level verification of the GN model has been studied extensively, and 

many papers have verified the Gaussian noise approximation in transmission 

systems. [54] The typical assumed parameters for the optical transmission system 

in which the GN model shows an accurate prediction is shown in Table 2.1. The 

GN model and its application to QoT estimation will be considered in more detail 

in Chapters xx and xx. 
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Figure 2.14 QoT estimation in wavelength and routing assignment application 
[28]. 

Figure 2.14 shows an example of QoT estimation used for routing and 

wavelength assignment. The network end-user (e.g. network manager, SDN 

orchestrator) receives a request to establish a new optical channel between two 

nodes. The QoT estimation tools are used to evaluate the transmitted signal quality 

in different routes and optical channels. For example, Route 1 (2 ROADM nodes 

and 3 EDFAs) has generalized OSNR of 19 dB and Route 2 (1 ROADM node and 

2 EDFAs) has 21 dB. Based on the calculation, the end-user will choose Route 2 

for the new optical channel in order to get the highest QoT. 

A recent example of a QoT estimator, the open-source project oopt-gnpy, uses 

the aforementioned GN model to calculate signal quality in transparent optical 

networks, given an arbitrary network topology and pre-characterized network 

component data [55]. 

This project is a sponsored project of the OOPT/PSE working group of the 

Telecom Infra Project, driven by a consortium of network users, system vendors, 

and academic researchers. It is intended for the rapid development of production-

grade route planning tools, which is also easy to extend to include custom network 

elements and can be used for the real world mesh optical networks. 



 
49 

 
 
 
 
 
 
 
 

 

Figure 2.15 Example of Quality of Transmission estimated by GNPy [55]. 

Figure 2.15 shows that this network planning tool can be used to calculate the 

generalized OSNR at the receiver side, by configuring the basic parameters of 

optical network components such as optical fiber type and length, wavelength 

selective switch losses, amplifier noise figure, transmitter power, receiver 

sensitivity, modulation format, etc., and designing a test network topology based 

on the aforementioned network elements. In this example, 76 channels are loaded 

in a point to point transmission link with one fiber span of 80 km. EDFAs in this 

span are set in gain control mode (the average gain is adaptively controlled to match 

the set gain). The signal launch power is 0 dBm per channel. We can see that the 

total loss of each span is 17 dB and the resulting received optical power (ROP) is -

17 dBm per channel. The signal is then amplified by an EDFA and decoded in a 
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receiver. This framework uses the GN model to calculate the ultimate signal to 

noise ratio of the optical signal which is 26.27 dB. This is the SNR value that the 

coherent receiver reads from the optical signal and is related to the gOSNR. In this 

thesis, this commercial QoT estimator will be used as a standard network model, 

and a machine learning-based EDFA model is designed to be integrated with it to 

improve the QoT estimation accuracy. 

2.4 Basics of Machine Learning in Optical Systems 
Machine learning (ML) involves computer-aided statistical models that conduct 

tasks without explicit programming. Based on sampled data, ML algorithms can 

build a mathematical model that fits the given data samples. In general, ML is 

divided into two categories: supervised learning and unsupervised learning. 

Supervised learning aims to find a relationship between input data and output data. 

A predetermined model is used, but some of the parameters are left undecided. The 

training process uses the input and output data in the model to update these 

undecided parameters and optimize or minimize a target error [49]. For numerical 

modeling for EDFAs, the input of the model can include the input spectrum, which 

can be a list of real numbers indicating optical channel power. The output will 

typically be a list of real numbers indicating the output channel power. Data can be 

captured for arbitrary input channel loading and used for model training. According 

to the type of inputs and outputs, supervised learning problems can be further 

divided into regression or classification problems. Typically for continuous output 

values, we call it a regression problem because it outputs a real value. For 

classification problems, the output is a discrete value, and often it is in Boolean. 

The ML model used for optical systems can be either regression or classification, 

depending on the output type of the model. For EDFA modeling, since the output 

value is continuous, it is a regression problem. For network operation 
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recommendation problems, such as the decision of channel provisioning, a discrete 

output value can be used with a classification ML approach. 

 
Figure 2.16 Categories of machine learning [56]. 

For unsupervised learning problems, there are no output values. The common 

goal of unsupervised learning is to find an internal pattern or cluster inside a large 

data set. [57]–[59] Figure 2.16 shows the typical categories of machine learning 

and examples of applications in optical systems. 

In this thesis, deep neural networks (DNN) are mostly used for modeling of 

optical components and systems. The deep neural network has successful 

applications in voice recognition and computer vision and is useful for problems 

that are easy for humans but difficult for computers. To mimic how humans process 

tasks, deep neural networks are built according to the structure of the human brain. 

[60], [61] Figure 2.17 shows an artificial neuron where multiple input values are 

fed into the neuron with a distributed weight, and the linear combination of these 

values is fed into an activation function, which introduces nonlinearity. By using 

nonlinear activation functions, the model can handle a nonlinear response between 

the input and output. [62] The ability of handling complex models with nonlinear 

response is the key reason why DNN are used in the EDFA models. However, 

choosing the correct neural network model is not easy. Designing an efficient model 

is a complex problem that involves much practical experience. Nowadays, 

Machine Learning

Supervised Learning
Given input x and output y: 

learn y= f(x)

Unsupervised Learning
Given data y, learn hidden 

patterns of y

Reinforcement Learning
Learn optimal goals by 

continuous trial and error

Predict power 
excursions

Transmission system
autoencoder

Maintain transmission 
system stability
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researchers tend to tune parameters to make the model efficient but cannot explain 

why, and this is significant criticism of machine learning engineers.  
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Figure 2.17 A artificial neuron. f is the activation function [56]. 
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Figure 2.18 Deep neural network with two hidden layers [56]. 

A deep neural network has multiple layers of neurons. There must be an input 

layer, an output layer, and at least one hidden layer. An example of deep neural 

networks is shown in Figure 2.18. Between the layers of neurons, there are edges 

between each neuron. On each edge, there is an associated weight, which is the 

multiplier for the linear combination of the previous layer. The input layer and 

output layer correspond to the input data and output data. Hidden layers are used 

for the intermediate calculation process. The typical training processes are called 

backpropagation, where the weights in edges are updated according to the input and 

output data to minimize the target prediction error. [63] In the EDFA model, the 

input layer has the input optical channel power and the output layer is the predicted 
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output channel power. For each active channel, a separate DNN is built and trained 

to predict each output channel power. The parameters of the DNNs are carefully 

chosen to ensure the convergence of the training process, the accuracy of power 

prediction, and the efficiency of data capturing and model training. 

Although DNNs show a successful application in nonlinear, complex modeling 

problems, they introduce engineering issues including high training complexity, 

longer data capturing process, and overfitting. A higher number of features can 

easily complicate the model by increasing the number of input neurons. As a result, 

the required data set increases exponentially, making the training process much 

harder. A complex model can easily cause overfitting issues (the production of an 

analysis that corresponds too closely or exactly to a particular set of data, and may 

therefore fail to fit additional data or predict future observations reliably), which 

will lead to poor performance in test data. The choice of activation functions is 

often based on trial and error and the principle behind the chosen neural network 

structure is hard to explain by theory. 

The detailed implementation of neural network-based applications including 

EDFA modeling and routing and wavelength assignment algorithms are introduced 

in Chapter 5. 

2.5 ML-Based Control for Edge Cloud Optical Networks 
As described above and in Chapter 1, optical physical layer software-defined 

networks have been used to provide application programming interfaces (API) for 

physical layer elements, optical performance monitoring (OPM), and potentially 

operating system controls [64]. However, there are unresolved issues in component 

modeling, performance estimation, and network optimization. For this reason, 

optical systems make use of margin engineering rules and extensive testing and 
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development cycles before deployment. Recently, machine learning (ML) is 

gaining interest in the optical network domain, such as to reduce margins and 

testing requirements by accounting for the complex system behaviors and 

incorporating real-time data in the field. In this section, the lifecycle, recent 

progress, and future challenges of optical channel provisioning operations in edge 

cloud optical networks is discussed. 

Table 2.2 Life cycle of optical channel provisioning [12] 

 

In the prevailing optical networks, optical wavelength division multiplexed 

channels (a.k.a. lightpaths or wavelengths) are set up by network operators through 

remote controls and largely stay fixed thereafter. The lifecycle of this process is 

shown in Table 2.2. Long before signals are provisioned there will be extensive 

testing and characterization (both in the lab and in the field) by the system vendor 

as well as traffic prediction and modeling by the network operator, each of which 

will impact the provisioning process. As network topology or bandwidth needs 

change over time, network operators use offline software tools to calculate the link 

budget (e.g. power, optical signal to noise ratio, Q-factor) and find a path through 

the network to provision new capacity. Turning up a light path requires careful and 

automated tuning of the system to a) ensure the signal quality of the new 

wavelength; b) avoid interfering in the existing network services. This routing and 

tuning must deal with uncertainty accumulated through transmission over many 

network elements and time-varying and sometimes poorly characterized fiber plant. 
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In the metro or edge cloud environment, the uncertainties are larger than long haul 

networks and might involve many network elements over relatively short distances. 

Following the channel establishment, optical performance monitoring and other 

traditional performance monitoring are used to track the network state and respond 

to faults. 

Extensive testing and system design can help to bound the uncertainty in system 

performance and remove it through margin allocation. Machine learning has been 

considered as a means to reduce either testing or reduce the uncertainty in the field. 

For example, the gain profile of optical amplifiers will vary according to channel 

loading conditions and gain and power settings. While numerical models can 

capture much of the behavior, some features are difficult to accurately predict over 

the full operating range. Deep neural networks (DNN) have been used as an 

alternative that can be developed through extensive testing on a particular amplifier 

[65], which then has the potential to be rapidly replicated to other similar amplifiers 

through transfer learning, thus ultimately reducing the overall testing requirements 

while improving the prediction accuracy of the amplifier gain.  

Another problem is that the channel setup time is slow (seconds to minutes), 

which adds delay to traffic requests or management in the optical layer. A potential 

solution is to find patterns in and predict network traffic. Recent research in long 

short term memory (LSTM) and diffusion convolutional recurrent neural networks 

(DCRNN) demonstrated online learning, which extracts information in the 

historical traffic record to predict future traffic levels [66]–[68]. This ‘look ahead’ 

capability can provide the extra time needed to reconfigure the optical layer. 

At reconfiguration time, the first step is to find an optical path and select a 

wavelength, referred to as the routing and wavelength assignment (RWA) problem. 



 
56 

 
 
 
 
 
 
 
 

RWA algorithms have been extensively studied and may consider many different 

policies and performance criteria. Recent research has shown that deep neural 

networks (DNN) can be used to build a wavelength selection algorithm to mitigate 

signal quality impairments and network disruption [66]. Apart from evaluating the 

impact on existing services, the evaluation of optical signal quality for the new 

channel, i.e., quality of transmission (QoT) estimation, is critical. Several models 

for QoT estimation have been proposed and implemented, including Gaussian 

Process (GP) and Transfer Learning (TL) [69]. 

After the optical channel is set up, the job of the network control system is to 

ensure the transmission quality, as it might be affected by other network operations. 

Adaptive control based on real-time telemetry including OPMs can adaptively 

adjust coding rate, modulation format, and other parameters in response to signal 

degradation [6], [70]. Moreover, self-taught anomaly detection has been 

implemented with hybrid unsupervised/supervised machine learning (ML+SDN) 

[71]. In the case of network failures, autonomous control protocols (tSDX) have 

been implemented to support wavelength rerouting and path rerouting within 100-

250ms [72].  

Optical physical layer SDN has provided a platform on which the optical 

network monitoring (read) and control (write) can be centralized in an orchestrator. 

In general, this lends itself well to ML methods as it brings the network state and 

related data together at one place where ML methods can be applied. Figure 1.2 

shows an optical physical layer SDN architecture that includes an ML application 

module. The network administrator and service level agreements (SLA) define the 

traffic requirements, which are handled by an SDN orchestrator or network 

operating system. Four independent components (ML based application server, 

database, physical layer controller, and telemetry system) serve the orchestrator. 



 
57 

 
 
 
 
 
 
 
 

An ML application server contains services including QoT estimation, path and 

wavelength selection algorithms, and traffic prediction. The database stores 

historical traffic information and trained models of network components. The 

physical layer controller translates requests from the orchestrator into operations on 

all the physical layer components (e.g. optical transceivers, optical switches, and 

optical amplifiers). Optical telemetry keeps examining the network components 

and signal performance measures (e.g. OSNR, BER, amplifier gain). 

The potential functions of the ML application module can be identified based on 

the provisioning lifecycle steps in Table. 1. Three main categories of ML 

applications in edge cloud optical networks are identified:  

a)  Time-series analysis (e.g. LSTM, DCRNN): traffic prediction 

b) Machine learning-based numerical modeling (e.g. DNN, GP): physical layer 

characterization, wavelength selection, QoT estimation, failure detection  

c)  Impairment aware adaptive control (e.g. ML+SDN, tSDX): adaptive control 

for transmission, failure recovery  

For Category (a), the time-series traffic data is captured by the telemetry system 

(shown in Fig. 1), which forms the input of the prediction system. As traffic volume 

varies and new requests arrive, this signal can be used to set up the optical channels 

before the capacity is required.  

For Category (b), machine learning-based models from prior training can be 

installed in the ML application server for use by QoT based RWA algorithm. 

Additional telemetry data can be used for reinforcement learning and other QoT 

estimation algorithms. Fault or failure detection applications can be similarly 

implemented and make use of OPM data collected through the telemetry system.  
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For Category (c), the network status is monitored in telemetry and any 

exceptions will be sent to orchestrator for processing, and the adaptive control logic 

can be implemented directly in the orchestrator. Network recovery procedures are 

then executed and the network can be reconfigured by a physical layer controller.  

These basic elements provide a foundation for building ML-enhanced SDN 

control at the optical layer. Depending on the control strategy, this system forms an 

overall, cross-layer SDN control plane or forms the lowest level of a tiered 

controller which interacts with other higher layer SDN controllers or network 

operating systems. 
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Chapter 3 Control and Management in Disaggregated 
Optical Systems 

Disaggregated optical systems are getting more interest in recent years since 

more network users including big tech companies (e.g. Facebook, Apple, etc.), 

cloud service providers (e.g. Google, Microsoft, Amazon, etc.), and 

telecommunication companies (AT&T, Verizon, etc.), look to drive down costs 

through commoditization of network elements while increasing the level 

customization and software control that they can achieve. However, direct control 

of the optical physical layer devices is much harder than controlling electronic 

devices because the optical signal in the fiber is an analog form and sensitive to all 

kinds of optical impairments. Optical network reconfiguration requires fine-tuning 

of optical parameters in physical layer devices, which involves many trial and error 

tests and system performance prediction. In this chapter, research related to 

disaggregated optical systems and their control is described, including transparent 

software-defined exchanges, and adaptive coding. Experiments on a disaggregated 

system in the COSMOS optical network testbed are also presented along with the 

implementation of optical physical layer software-defined network control [6], [12], 

[72]–[77]. 

3.1 Physical Layer Control in Disaggregated Optical Systems 
In Section 1.1, the evolution of optical transmission systems was reviewed, 

which points out that the continuous growth of 5G mobile networks, edge cloud 

computing, and data center interconnection networks have imposed new challenges 

and opportunities in network construction and management. Specifically, a 

growing market of a flexible meshed optical network with dynamic 

reconfigurability requires highly customized network hardware and network 
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management software. In the current optical network industry, vertically integrated 

companies sell their product as an integrated network system, which has high 

performance but lacks the capability of customized network configuration and 

compatibility with other network equipment vendors. In the past years, 

telecommunication companies are the main buyers of network systems. Nowadays, 

with the fast growth of 5G, edge cloud, and data center networks, disaggregated 

systems are becoming popular, which sacrifices some performance due to the 

standardized interfaces but gain compatibility with devices from other 

manufacturers.  

Disaggregation is an economic concept. In the current optical network industry, 

individual network system vendors provide an integrated network system solution, 

which forms a confined ecosystem. In the disaggregated ecosystem, different 

vendors provide parts that have unified interfaces, and buyers can choose from them 

to make up a network system. Whether to disaggregate is usually driven by the 

market and supply chain considerations. When the number of buyers (e.g. 

telecommunication companies, network operators) is limited and their 

requirements are homogeneous, suppliers tend to provide an integrated network 

system as a solution. However, when the market expands, new buyers (e.g. tech 

companies, cloud computing providers) with customized requirements may not find 

integrated systems that suit their needs. As a result, they tend to design their 

network systems and push network component vendors to make standardized 

network components. 

Disaggregation is also an architecture concept. In the past, the integrated system 

has integrated hardware and confined control and management software. To evolve 

to a disaggregated ecosystem, individual functions of network systems need to be 
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decoupled and independent network control software (e.g. network operating 

system) is needed.  

This section will review the success of disaggregation in the computer industry, 

introduce disaggregation in optical systems, analyze its potential issues, and review 

recent progress in research and industry.  

 

Figure 3.1 Computer Disaggregation Spectrum. Based on the need of the end-
user, they can choose from different levels of disaggregated systems [28]. 

In the modern personal computer (PC) industry, computers are made up of 

individual components manufactured by various suppliers. Users can select 

hardware and software components to assemble their computers or buy from 

branded companies that provide a few choices usually with different performance. 

Branded companies also purchase individual hardware components, then assemble 

and package them for the customer. Different levels of disaggregation are shown in 

Figure 3.1.  

To adapt to different levels of disaggregation to suit the demand of different 

users, companies on the supply chain negotiate on the hardware interfaces and 

standardize them (e.g. USB-C, standardized by USB Implementers Forum). As a 

result, end-users and supply chain can build an ecosystem of disaggregated 

computer systems.  
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The decoupling of hardware and software is another success in the computer 

industry, where the standard interface is defined for hardware and software 

suppliers, and operating systems provide unified interfaces for applications (e.g. 

POSIX by IEEE Computer Society). As a result, different companies following the 

same standard can work on their dedicated sub-systems with guaranteed 

compatibility.  

I. Disaggregation in optical systems 

In the computer industry, the disaggregation of the hardware components is 

based on the function of different components. For example, the processor is for 

calculation, memory is for temporary storage and the hard disk is for long term 

storage. In optical systems, disaggregated functional blocks include network node 

(e.g. top of rack switch), wavelength (e.g. optical transponder), network 

components (e.g. optical amplifiers, ROADMs).  

As for the disaggregation of software, a successful example in the computer 

industry is the operating system, an intermediate layer between hardware and 

application software which has a unified interface (e.g. POSIX). In optical systems, 

a network operating system can provide a unified interface to the network 

management system (NMS), while the network components are controlled by the 

network operating system and network configuration commands are generated 

from NMS applications.  

Similar to the disaggregation spectrum in computer systems, different levels of 

disaggregation in optical systems can be achieved. For an aggregated/integrated 

optical system, a whole set of network components, including optical transponder, 

multiplexer, amplifier, optical fiber, along with their control software are sold as a 

combined system. In a partially disaggregated system, the optical transponders are 



 
63 

 
 
 
 
 
 
 
 

separated from an open line system. Since the technology of optical transponders 

evolves quickly to support higher bandwidth and longer distance, the disaggregated 

system allows the network operators to easily upgrade their transmission capability, 

while keeping the open line system unchanged. Standardization is required to 

ensure that transponders from different vendors have compatibility. In a fully 

disaggregated system, all the components within the line side are separated to 

support a more customized configuration/reconfiguration of the network. Network 

components like optical amplifiers, ROADMs can be added/removed from the 

network system and sourced from different vendors to adapt to different network 

performance requirements and/or network topologies. In this case, all the network 

hardware should have a unified interface to the network operating system. 

A. Wavelength Disaggregation 

In proprietary optical systems shown in Figure 3.2, the line system, as well as 

optical transceivers, are sold and managed by a single network vendor.  

 

Figure 3.2 Proprietary optical systems without disaggregation [28]. 
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Figure 3.3 Wavelength disaggregation in optical systems [28]. 

In the scenario of wavelength disaggregation shown in Figure 3.3, optical 

transceivers sold by different vendors have standard interfaces and configurations, 

which are compatible with each other. Network operators are then able to plug in 

various transceivers in the same optical system.  

B. Component + Physical Layer Control Disaggregation 

In the case of a fully disaggregated optical physical layer shown in Figure 3.4, 

network components (e.g. ROADM, optical amplifiers) can be supplied by various 

vendors, provided that they have standardized configuration functions and a unified 

software control protocol.  
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Figure 3.4 Whitebox/OpenROADM systems [28]. 

For example, a Whitebox ROADM integrates WSSs and EDFAs to make up a 

network switching node while exposing all control capabilities according to a 

specification such as OpenROADM, which can then be used by the network 

management system or network operating systems for physical layer control. 

C. Node + NMS/EMS Disaggregation 

Another case of disaggregation is Node + network management system (NMS) 

/ Element Management System (EMS), shown in Figure 3.5.  

 

Figure 3.5 Node + NMS/EMS Disaggregation [28]. 
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Network nodes are supplied by various vendors and an OLS control layer is 

placed between the network operating system and the optical physical layer. This 

control layer is in charge of all the physical layer control of the optical network, 

abstracting the whole network, and only exposes a limited set of control commands 

to the network operating system.  

For example, the fine-tuning of physical layer parameters such as the gain and 

tilt of optical amplifiers is managed by the OLS control system, while the functional 

commands exposed to the network operating system may only include the high-

level command of optical link establishment (wavelength provisioning). 

D. Multi-operator Networks 

To build a control layer for multi-operator networks or optical systems provided 

by multiple network vendors, a separate OLS control layer is needed to control the 

physical layer of individual network systems, shown in Figure 3.6.  

 

Figure 3.6 Multi-operator Networks [28]. 

An intermediate layer of network operators is placed between the OLS control 

layer and the network orchestrator/operating system. When a manual configuration 
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is needed, the network operator can use their control software. When the network 

operating system takes control of the network, the network operators work as a 

server, exposing the network control functions to the network operating system. 

An interesting question about building the network is if we can build a 

disaggregated optical network by ourselves, i.e. can the network operators build 

their own networks from piece parts. The key to this question is if a control plane 

is available. For example, in the computer system, users can build their computer 

by purchasing and assembling the building blocks (e.g. processor, memory, 

motherboard, hard disk drive) and install an operating system that supports this 

individual hardware, as long as they have an operating system. In optical networks, 

given a network operating system, the network operator should be able to build 

their network. However, compatibility may still become an issue so its likely only 

an expert user (e.g. high-tech companies) can handle these compatibility issues. 

As for the supply chain of disaggregated systems, there are a few categories of 

network building blocks based on the level of disaggregation. Similar to branded 

PC companies, network vendors can provide fully integrated and user-ready 

systems accessed through vendor interfaces, which is called a Blackbox component. 

It is the most user-ready product but has limited customization capabilities, and is 

often targeted for small businesses with limited knowledge about the network 

physical layer. Another category is Whitebox/bare-metal hardware components, 

which are hardware subsystems with minimal or no software included with the 

product. Whiteboxes are similar to a PCIe device plugged onto the motherboard of 

a PC (e.g. graphics card), which only contains hardware drivers for the operating 

systems. The third category is Britebox, which is between Blackbox and Whitebox. 

It is a Whitebox plus a vendor version of the software while being compatible with 

network operating systems. 
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Figure 3.7 Optical system disaggregation spectrum [28]. 

Similar to the different levels of disaggregation in the computer system shown 

in Figure 3.1, the users and supply chain of optical network components can also 

form a disaggregation spectrum, shown in Figure 3.7. On the far-left side is the case 

of fully disaggregated and the rightmost is fully integrated. For the individual 

components to have interoperability, all of the network components must have 

unified software control interfaces or hardware drivers and all of the disaggregated 

systems shown on the left side of the figure need a control and management 

platform, or network operating system, that is fully compatible with all of the 

network components.  

Disaggregation in optical systems is mainly driven by two reasons: Market 

growth in large scale optical systems and increased performance of network 

components that enable disaggregation.  

The largest technology companies are accelerating the construction of large-

scale computing systems (e.g. data centers), where the disaggregation of computing 

systems was central to being able to get to a “hyper” scale. In companion with these 

large computing systems, a data center interconnection (DCI) network connects 

data centers with massive pipes to support low latency, high bandwidth data 

transfer. Meanwhile, the construction of edge cloud data centers and 5G networks 

requires distributed smaller scale computing systems, which will form a large 
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number of reliable high-speed network nodes (e.g. 10000’s nodes per city). 

Traditional integrated systems do not support such a kind of scalability so the 

disaggregated system might be the only path to high volume optical systems. In this 

situation, the performance of the optical component is less important since the 

scalability of the system becomes crucial. Meanwhile, market competition of 

homogeneous network components will drive down the network hardware cost.  

Due to the increased performance of network components, system integration, 

which is used to bring a higher system performance now becomes less important. 

In other words, the maturation of components provides a margin for disaggregation. 

By using architecture enhancements/customization, we will be able to drive down 

the total cost in principle.  

One of the biggest applications of disaggregated optical systems is the data 

center interconnection (DCI) network. Several hyper-scale data center/cloud 

computing operators are leading the disaggregation in DCI (e.g. Telecom Infra 

Project). One of the main goals of this is to use disaggregation to drive down cost 

and power consumption in the data center. They use high capacity pipes to connect 

data centers. These proprietary enterprise networks are tailored to enterprise needs 

rather than consumer customer needs.  
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Figure 3.8 Traditional public cloud network structure [28]. 

 
Figure 3.9 Edge cloud network structure [28]. 

Another application is the transition from traditional public clouds to edge clouds, 

shown in Figure 3.8 and Figure 3.9. A traditional public cloud network is a tiered 

access-metro-long haul network, where all the wireless processing is within the cell 

site. The typical latency in building or home is < 1 ms and > 10-20 ms for cloud 

network. To reduce the latency, in edge cloud networks, we can put a data center 

in the central office or access-metro boundary, working as a cache for the core data 

centers. Cloud RAN is used to send digitized RF to the data center for processing 

instead of processing at the cell site. As a result, we can have sub-millisecond round 



 
71 

 
 
 
 
 
 
 
 

trip time to edge cloud data center. In the optical network of 5G edge clouds, low 

latency Ultra-Reliable Low-Latency Communication (URLLC) and high 

bandwidth enhanced Mobile Broadband (eMBB) were proposed, which have 

Mobile Edge Cloud (MEC/C-RAN) with 4 Gbps data, 157 Gbps digitized RF, 

where C-RAN PHY splits need ~100 µsec one-way latency. The requirement of 

reliable low-latency (uR) needs deterministic latency thus optical connections are 

a perfect solution to it. For the high bandwidth requirement, 100’s Gbps to cell 

sites/distributed units (DU) can be achieved using optical networks. The 

densification of smaller data centers has high efficiency in utilizing the computing 

resources and it can slim down edge devices and share centralized (cloud) 

resources. For 5G network applications, in October 2018 Telecom Infra Project 

announced the release of the Disaggregated Cell Site Gateway (DCSG) technical 

specification, which disaggregated into three layers of API, software and hard for 

cell site gateway, which supports 2x25 Gbps initially and is now going up to WDM 

100G ACO/DCO. 

3.2 Control Plane Architecture for Disaggregated Systems 
For a disaggregated optical system, the main issue is the control system in the 

physical layer. Unlike the electronic system where the signal is transmitted in 

digital form, the optical signal is analog and has many optical impairments in the 

transmission link, including insertion loss, dispersion in the fiber, filtering effect in 

ROADM, optical channel power excursion in optical amplifiers, etc. A detailed 

review of optical impairments is in Section 2.1. The controller has to monitor the 

system performance to compensate for the performance drift and side effects of 

wavelength switching operations.  
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Figure 3.10 Proprietary system control [28]. 

 

 

Figure 3.11 Whitebox optical control [28]. 

In the SDN control of an optical system shown in Figure 3.10, all the physical 

layer network components (e.g. ROADM, optical amplifiers) are controlled directly 

by the proprietary system, and open-source control protocols are being developed 
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to standardize these control (e.g. OpenFlow). When these interfaces become 

unified, the physical layer will then be able to be controlled directly by network 

operating systems, shown in Figure 3.11. This network control model is called 

Whitebox optical control. However, in this model, a conventional SDN controller 

does not have functions to fine-tune the physical parameters of the network 

components to maintain the transmission performance (e.g. predict signal quality 

before channel provisioning, compensate for optical channel power excursion 

caused by channel operation, etc.). As a result, separate modules (amplifier control, 

provisioning control, channel discovery) need to be implemented in the network 

operating system. The basics of signal quality prediction is covered in Section 1.2 

and Section 2.3. 
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Figure 3.12 Disaggregated optical SDN design [28]. 

In recent research, several disaggregated SDN control systems have been 

proposed. An example of the design is shown in Figure 3.12. Within the physical 

layer, all the control commands are in the standard NETCONF protocol, 

orchestrated by an SDN network controller. Separate ROADM controllers are 

designed to fine-tune the physical layer parameters to guarantee transmission 

performance. Separate agents (East/West Degree controller) act as a local 

controller. For individual network components like WSS, VOA, and EDFA, the 

designated controller is used to provide a unified control interface. To monitor the 

network status, OSA and telemetry systems are used to capture real-time signal 

quality information such as optical channel power and OSNR for active channels. 

In this diagram, the red boxes are separate components but, in the future, with the 
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maturation of disaggregation, these individual components that provide a unified 

control interface will be packed into the individual network devices. 

Another issue of the disaggregated optical system is performance degradation due 

to the use of additional interfaces between hardware components such as RF signal 

distortion in the connector and impairment introduced by additional optical 

coupling. There are only a handful of transmission experiments regarding the 

disaggregated optical system, partially due to the lack of available Whitebox 

equipment and comprehensive testbed. A recent report demonstrated a two-slice 

architecture of the programmable sliceable transceiver based on multicarrier 

modulation (MCM), tailored for optical disaggregated metro networks. In this 

work, the flexibility and cost-effectiveness of the disaggregated solution are 

verified, along with network dynamicity and elasticity [78]. Another report 

evaluated the costs in regional and metro networks associated with disaggregation 

models and describes the system design implications of each [33]. 

In a recent test of a commercial optical system in a production environment, the 

performance (SNR) of signal transmission in a dynamic network reconfiguration 

environment varies by wavelength and route over time, which shows the impact of 

wavelength switching operation and the difficulty of optical physical layer control 

[79]. 

There is a tradeoff of margin allocated for optical systems and the cost of 

regeneration nodes. With reliability guaranteed, we hope to lower the margin to 

reduce the number of signal regenerators. If an accurate estimation of signal quality 

is available within the SDN controller, then we can make sure that the provisioned 

signal is within the allocated margin. A recent report of performance estimation by 

Mininet Emulator shows performance estimation (PCE), which opens up the road 
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for further experimentation on the use of sparse optical performance monitoring to 

provide data that can be used to improve the QoT estimation from the control plane 

of an SDN-based system [80]. 

Another experiment on OLS showed the interoperability of transceivers 

provided from different vendors, with the use of the TIP GNPy performance 

estimation tool. This work demonstrated transmission of up to 1945 km in a lab 

environment with various transceivers in an OLS. It also demonstrated the GNPy 

tool that uses the Gaussian Noise model for nonlinearity estimation [55], [81]. 

Since optical power drifts over time and new channels are provisioned, channel 

power in optical systems needs to be controlled dynamically to be kept within 

margins. In a report about transparent optical network control, a valid method is to 

adjust nodes in parallel within “optically” isolated domains, which means that for 

isolated optical channel links, power adjustment can be done in parallel while the 

node order is based on channel routes [82]. 

From the operator point of view, a recent analysis estimated the cost of 

disaggregation and analyzed the saving from disaggregated systems. Compared to 

an integrated system, there is a 10% additional disaggregation cost from hardware 

due to the cost of additional hardware interfaces. An optimistic estimation shows a 

15% reduction of total operating cost, without considering any hardware discount 

introduced by market competition [83]. 

In another report which compares disaggregated line systems (DLS) and 

proprietary line system (PLS), a reduction of 93% of OEO interfaces is shown by 

using DLS than PLS [84]. 

For multi-domain optical systems, recent research proposed a transparent 

software-defined exchange (tSDX), which defines the protocol for transparent 
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signal exchange for multi-domain optical systems based on real-time OSNR 

monitoring, which serves as an SLA guarantee for 100-Gbps polarization-

multiplexed quadrature phase-shift keying signals in dense wavelength division 

multiplexed transmission. The detail of tSDX will be described in Section 3.3 [72], 

[73]. 

Despite the aforementioned studies in disaggregated systems, there are still 

many issues at the system level. For example, there is a higher performance 

requirement for optical transceivers, which are complex systems on their own. The 

network control system needs to handle bad corner cases and a wider range of 

system functions. There are too many uncertainties in system testing, which pulls 

in additional margins. In amplified optical systems, optical power dynamics are 

another issue. To resolve these issues, machine learning, a new technique may play 

an important role in the control algorithms, which might be a potential solution to 

reduce the control complexity and assist control automation. It can address the 

unknowns between equipment from different vendors and make up for the loss of 

the benefit of end to end engineered system [28]. For example, signal quality is a 

slowly varying property resulting from a complex set of factors with uncertain 

weights and a machine learning-based model could address this. In a recent report, 

machine learning models have shown an advantage in numerical modeling and 

routing and wavelength assignment (RWA) algorithms [65], [66], [85]. The basics 

of Machine Learning in optical networks is covered in Section 2.4 and ML-based 

network control is in Section 2.5. 

Disaggregation is a likely next evolutionary step for optical networks. Similar to 

computing systems, the disaggregation starts in short reach applications where the 

performance is not constrained. During this process, the market development (e.g. 

5G, data center interconnection networks) and/or performance (e.g. transceiver 
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performance, optical amplifiers, ROADM) will drive the change of network 

architecture. Since the market volume is one of the key factors of success, we need 

to see if optical systems will become high volume products. Software/control 

disaggregation will be a key challenge to moving forward. Disaggregation of some 

level of control and management is needed, which should support cross-system and 

cross-domain network control and management. Meanwhile, transmission 

engineering remains an obstacle to system disaggregation, and greater emphasis on 

telemetry, machine learning, and automation will be required. 

3.3 tSDX 
Software-Defined Exchange (SDX) has been proposed to solve the longstanding 

problem of inter-domain routing and enable control flexibilities in layer-3 networks 

[86]. High capacity and low latency requirements driven by increasing data-

intensive applications and cloud services, as well as the high energy consumption 

per bit of electrical routers, create strong incentives to realize inter-domain 

exchange transparently in the optical layer. Transparent Software-Defined 

Exchange (tSDX) is implemented here aiming to address inter-domain exchange 

issues at the Internet Exchange Points (IXPs) using Optical Express Connections 

(OECs) with Optical Performance Monitoring (OPM)-based Service Level 

Agreement (SLA) guarantees. This allows for higher bandwidth, lower latency, and 

lower energy consumption per bit for services traversing multiple domains, as well 

as enhance network security by avoiding processing signals in the digital domain 

at the IXPs. tSDX utilizes alien wavelength support across optical transmission 

systems, bringing it to the front line of peer disputes because of its potential 

interoperability concerns or inability to manage the alien wavelength as part of the 

existing vendor’s transport platform. Although many DWDM line systems have 

been enabled to interoperate with alien wavelengths, these are introduced at the 
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transceiver add point but not mid-stream along a transmission path, where noise 

and physical impairments have accumulated. Inter-domain negotiation for 

wavelength routing path computation/optimization, provisioning, and impairment-

aware reactions at the control level, while preserving domain autonomy and 

concealment requirements, are needed for inter-domain transmission in the optical 

layer. Nowadays many works have been focusing on Software-Defined Networking 

(SDN) for optical networks [87], but the aforementioned tSDX control issues are 

not settled, and tSDX transmission systems are not experimentally realized. 

 

Figure 3.13 Architecture of the transparent software-defined exchange [73].  

In this work, a tSDX control system is designed and implemented and inter-

domain end-to-end wavelength path provisioning is experimentally realized, which 

has a real-time OSNR monitoring-based impairment-aware SLA enforcement on a 

100-Gbps PM-QPSK DWDM network testbed. This is the first experiment on 

tSDX with impairment-aware inter-domain negotiation enabled by online OSNR 
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monitoring and collaboration between autonomous SDN controllers belonging to 

different domains. The detailed description of the network testbed used in this 

experiment can be found in Section 2.1. 

 

Figure 3.14 General description of the Internet Exchange Point node [73].  

Figure 3.14 shows a general description of an IXP with tSDX. In the traditional 

inter-domain exchange, optical signals will be converted to electrical through local 

drop port receivers of the ROADM, and then go to another domain through routers 

peered with Border Gateway Protocol (BGP) sessions. While in tSDX, selected 

wavelength channels at the optical drop ports are directly connected to alien 

wavelength/optical add ports of the edge ROADMs of other domains. Because 

optical signals are transparently exchanged, forward error correction (FEC) and 

associated O-E-O conversion performance monitoring are no longer available, 

therefore new signal quality monitoring mechanisms are needed to guarantee SLAs. 

OPM is used as the per-channel monitor at both sides of OECs. Since OSNR 

dominates the transmission quality in coherent systems, an OSNR monitor as the 

OPM is implemented [88], which can also include monitoring capabilities of other 
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physical layer impairments, such as GVD, PMD, and PDL, depending on system 

requirements.  

 

Figure 3.15 Function modules of the tSDX control system [73]. 

To dynamically configure OECs for tSDX along with OSNR monitoring-based 

QoT control, the SDN-based hierarchical control architecture is designed and 

implemented, shown in Figure 3.13. Each domain has a dedicated and autonomous 

Local Controller with the capabilities of intra-domain resource management, path 

computation, connection control, and OSNR monitoring. Physical layer details 

within a domain can be acquired by this domain’s Local Controller, but are 

prohibited from being exposed to other controllers. Inter-domain end-to-end 

wavelength path computation and provisioning is completed in a collaborative way 

among multiple Local Controllers. The Orchestrator acts as a global coordinator 

with unified resource abstraction provided to higher-layer applications and users 

over its northbound API. The Agent is a device-specified element with protocol 

resolution and physical layer element operational control capabilities programmed 

in Python. The Orchestrator and the Local Controllers for the testbed are 
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implemented, based on the open-source platforms of ONOS and Ryu, and make 

extensions and optimizations for large-scale tSDX networks. The implemented 

function modules of the control system are presented in Figure 3.15. The Openflow 

protocol is extended for the operational control of optical network devices, and the 

Cross-Domain Control Protocol (CDCP) is designed for inter-domain negotiations. 

 

 Figure 3.16 Experimental setup for tSDX controller on the optical physical 
layer [73].  

 Figure 3.16(a) shows the transmission experimental setup. In the transmitter 

(TX), a full C-band 90-channel source is modulated at 25Gbaud with PM-QPSK 

for 100Gbps data transmission, and the composite signal is sent into a 3-ROADM 

transmission system sharing a tSDX IXP with another 3-ROADM transmission 

system. The signal from the transmitter is split into 3 add ports, and 3 drop ports 

are connected to the receiver (RX) through another 1×4 WSS (not shown in the 

figure) to support multiple locations add/drop functionality. The detailed 

descriptions of the transmitter (TX) and the coherent receiver (RX) can be found in 

Section 2.1 [89]. The ROADM nodes are built using Nistica 1×2 WSSs and 1×4 

WSSs with the functionality of per-channel Variable Optical Attenuation (VOA) 

and are separated by 5 fiber spans with various distances (70, 70, 55, 20, 20 km). 

Dual-staged EDFAs are deployed before and after each span. 2 OSNR monitors 

(shown in  Figure 3.16(b)) are introduced for OSNR monitoring at the IXP for each 
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domain, and another 2 OSNR monitors at the sending and receiving ends. With 

WDM input, the ROADM attenuations are tuned to guarantee the launch powers to 

be -2 dBm per channel for 100Gbps PM-QPSK signal transmission, and these 

attenuation values are stored as reference for newly added channels. WSSs and fiber 

connections shown in the black dash lines are for presenting the ROADM structures 

but not deployed in the experiment. For simplicity, one Agent is used for the 

operational control of network devices within each domain. 

 

Figure 3.17 Functional diagram of wavelength rerouting [73].  

Experiments have been carried out to realize real-time impairment-aware inter-

domain wavelength path rerouting for tSDX enabled by inter-domain negotiation 

between two autonomous Local Controllers. Figure 3.17 shows the functional 
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diagram. End-to-end path computation for a traffic request is executed 

collaboratively by the Local Controllers through CDCP with estimated OSNRs. 

During and after establishing the working path, OSNRs of this wavelength channel 

at the 4 locations shown in  Figure 3.16(a) is continuously monitored and checked 

at set intervals until this channel is torn down. Two scenarios are observed here 

showing successful intra-domain and inter-domain wavelength rerouting after 

monitored OSNR(s) falling below a given threshold in Scenario 1 and 2, 

respectively. OSNR degradation (shown as red crosses in  Figure 3.16(c)) is 

introduced on a wavelength channel to emulate physical layer impairments. In 

Scenario 1, OSNR degradation is generated within Domain 2 by injecting noise 

into the wavelength path using wavelength 1540.6nm on the span between 

ROADM 4 and 6; and in Scenario 2, OSNR degradation is produced in Domain 1 

on the span between ROADM 1 and 2 in the same way. 
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Figure 3.18 Wireshark record of OSNR monitoring and wavelength rerouting 
[73].  

Figure 3.18 shows the Wireshark capture segments of OSNR monitoring and 

wavelength rerouting processes from the Local Controllers. In Scenario 1, OSNR 

degradation measured at the receiving end is remediated by intra-domain rerouting 

within the receiving domain. In Scenario 2, intra-domain rerouting fails in Domain 

1 because there are no other available paths without changing the wavelength, so 

inter-domain rerouting is performed and successfully solves the problem of 
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transmission quality deterioration. The measured elapsed time of the parallel 

processes of lightpath setup and OSNR monitoring within each domain are shown 

in Figure 3.19, from which we can see, the lightpath setup time is 100~250+ms, 

and the OSNR monitoring time is 100~200ms. The prompt response time makes 

the real-time OSNR-based impairment-aware wavelength path provisioning 

practical in tSDX multi-domain networks. 

 

Figure 3.19 Elapsed time of the parallel processes of lightpath setup and OSNR 
monitoring within each domain [73].  

The measured OSNRs at the four OPMs and BERs at the RX before and after 

rerouting in both the scenarios are shown in Table 3.1, illustrating the transmission 

quality improvement brought by real-time OSNR monitoring-based wavelength 

path rerouting. The OSNRs/BERs at the receiving end is analyzed, along with its 

corresponding system reactions under time-varying OSNR degradation on the span 

between ROADM 1 and 2 (shown in Figure 3.20). The OSNR was changed every 
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30 seconds by manual adjustment of the injected noise level. With periodical online 

OSNR monitoring, real-time OSNR-based impairment-aware re-provisioning is 

realized.  

 

Figure 3.20 OSNR and BER over time with time-varying OSNR degradation 
and wavelength path rerouting [73]. 

Table 3.1 Recorded BER and OSNR [73]. 

 
In conclusion, the tSDX control system is implemented which realized end-to-

end real-time impairment-aware wavelength path rerouting in a tSDX multi-

domain network testbed with 200ms response time OSNR monitoring-based SLA 

guarantees managed across autonomous SDN controllers for 100Gbps PM-QPSK 

DWDM transmission. 
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3.4 Adaptive Coding 
To serve a broadening range of applications and increase network efficiency, 

there is growing interest in optical communication systems that can adapt to diverse 

and changing transmission conditions, including optical signal-to-noise (OSNR) 

variations [18], [90]. To achieve a high spectral efficiency (SE), coherent 

transmission system is widely used [4], [91]. As a potential solution for next-

generation high-speed optical transmission, PM-16QAM has been extensively 

studied to increase SE. Given the fact that PM-16QAM based optical transport is 

sensitive to OSNR variations, it is necessary to use FEC codes for robust 

communication. LDPC have been demonstrated to have a low error floor below the 

system’s target BER, and real-time parallel LDPC decoding hardware has been 

commercially available, e.g., Ultra scale FPGA. But the high overhead of LDPC 

codes is a major concern in bandwidth-efficient transmission systems [92].  

A real-time, self-adaptive coded 5×100 Gb/s wavelength division multiplexed 

PM-16QAM transmission system is experimentally investigated, which has over a 

100-km standard single-mode fiber (SMF).  Independently varying signal power 

and amplified spontaneous emission (ASE) noise power are monitored using an 

optical performance monitoring system, which provides real-time, accurate, and in-

band OSNR measurements [88]. Three types of LDPC codes (code-1/2/3) with 

code rates of 0.8, 0.75, and 0.7, are chosen for code adaptation.  The net capacity is 

defined and used as a metric for performance evaluation, which is related to the 

block acceptance rate (BAR) of codewords. Compared to the systems solely coded 

with code-1/2/3, the net capacity improvement and adaptation latencies are 

determined. The overall system code-adaptation latency achieved was 2273ms. The 

performance of three LDPC codes has been analyzed in the experiment, and the 

OSNR thresholds have been investigated for code adaptation by maximizing the 
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net capacity. Compared to the systems solely coded with code-1/2/3; the average 

net capacity improvements of 102%, 36%, and 7.5% have been obtained 

respectively by adaptive coding. The single link self-adaptive coded modulation 

technique studied here can be applied in a network. For this purpose, more OPMs 

need to be installed in the network, and a more complete SDN control plane 

implementation to evaluate the network scale performance and implementation 

requirements, for which the measurements here provide a best-case result. 

3.5 COSMOS 
5G and beyond mobile network development is being driven by rapidly growing 

wireless traffic supporting a large diversity of services and applications, such as the 

Internet of Things (IoT), 3D sensing, and virtual reality, which are calling for multi-

Gb/s access rates at ultra-low latencies. New radio access network (RAN) 

architectures make use of raw IQ radio data transport that further drives up the 

bandwidth demands on the underlying optical networks [93]. To meet these 

advanced 5G requirements, researchers in both academia and industry are 

investigating new high-bandwidth, low latency, and resource-efficient network 

architectures that blend optical, wireless, and computing technologies to achieve 

necessary advances in scalability and performance [94], [95]. Driven by the 

application requirements, there is growing recognition that these new technologies 

and architectures need to be investigated together with the applications in field-

deployed situations. Technologies such as millimeter wave (mmWave) wireless 

and free space optics are sensitive to the line of sight obstacles and weather 

conditions. Delivering high data rates and ultra-low latency requires levels of 

technological integration, including wireless, optical, and computing, that have not 

been previously encountered. It remains an open question of how new applications 

will perform in this environment while being orchestrated with new multi-layer 
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software-defined networking (SDN) control planes. Also, applications will need to 

be developed with an awareness of the underlying network performance constraints. 

The global effort to address these challenges in 5G and beyond networks has led 

to the development of multi-technology testbeds, often in field-deployed 

environments centered around smart city and advanced wireless applications. 

Bristol Is Open is a city deployed testbed that provides a research environment for 

edge computing, and optical and wireless networking managed through a novel 

network operating system [96]. Other testbeds including ADRENALINE in Spain 

[97] and RISE/JGN-X in Japan [98], allow for experimentation on optical-wireless 

5G architectures converged with SDN and network function virtualization (NFV), 

edge cloud, or user-end services. 

The Cloud Enhanced Open Software Defined Mobile Wireless Testbed for City-

Scale Deployment (COSMOS) platform is a programmable city-scale shared 

multiuser advanced wireless testbed that is being deployed in New York City. Open 

APIs and programmability across all the technology components and protocol 

layers in COSMOS enable researchers to explore 5G technologies in a real-world 

environment. A key feature of COSMOS is its dark fiber-based optical x-haul 

network that enables both highly flexible, user-defined network topologies as well 

as experimentation directly in the optical physical layer. In this section, the 

software-defined radio (SDR) and mobile edge cloud wireless network architecture 

of COSMOS, and its integration with the optical x-haul network with SDN control 

are introduced. Remote processing of digitized radio-over-fiber signals from a 

custom full-duplex (FD) radio and on-demand optical switching of video streams 

from different servers are used to prototype a cloud radio access network (C-RAN) 

functionality across dark fiber infrastructure deployed in upper Manhattan. 
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2.  COSMOS Architecture 

Massive MIMO and high capacity SDR mmWave (28 and/or 60 GHz bands) 

access points in COSMOS will need substantial baseband computing resources in 

the RAN. This situation motivates the development of front and mid-haul (or x-

haul) C-RAN capabilities for investigating different approaches to offloading a 

node’s workload to an infrastructure-based, more powerful edge computing cluster. 

The same edge cloud on top of the optical x-haul transport system can also be used 

for the network- and application-layer processing, especially in scenarios requiring 

low end-to-end latency.  

 

Figure 3.21 COSMOS multi-layer computing systems [77].  

The COSMOS architecture (Figure 3.21) provides four technology layers for 

experimentation: user device layer, radio hardware, and front-haul network 

resources, radio cloud, and general-purpose cloud. An RF thin client can flexibly 

partition signal processing and NFV between a local SDR (with FPGA assist) and 

a C-RAN with distributed x-haul processing scalable to massive CPU/GPU and 

FPGA assist. Further, these two computing layers are backed up by a third layer of 
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general-purpose cloud computing useful for network and application-level 

functions associated with an experiment.  

3.  Optical Architecture in COSMOS 

The COSMOS optical network design makes use of wavelength division 

multiplexing and optical switching to provide two important capabilities: 1) flexible 

experimentation and network topology reconfiguration of large numbers of radio 

and computing connections, and 2) multi-layer optical networking for 

experimentation on novel optical devices, systems, SDN/NFV optical control 

planes, and optical architectures.  

 

Figure 3.22 COSMOS optical architecture [77]. 

Figure 3.22 shows a schematic of the planned core network connecting the large 

radio nodes shown in the top inset. A Calient S320 320×320 space switch forms 

the core of the network in the main computing research facilities (CRF) at Columbia 

University. Dark fiber pairs connect this switch with similar smaller space switches 



 
93 

 
 
 
 
 
 
 
 

at each of the large nodes. These space switches allow for remote and automated 

re-fibering of connections and devices throughout the testbed. Wavelength division 

multiplexing (WDM) is provided by Whitebox reconfigurable optical add-drop 

multiplexing (ROADM) units connected to the space switches. Other devices such 

as splitters for passive optical networks (PON), test equipment, and other 

experimental hardware are also attached to the central space switch. Using these 

capabilities, each of the six fiber pairs between any two large nodes can be 

configured for combinations of point to point, PON, and ROADM/WDM networks. 

WDM can also provide basic capacity expansion to the links, supporting up to 96 

channels for a maximum link capacity of 96×6 = 576 separate signals. These 

channels are fully transparent and flex-grid configurable to support 10 Gb/s and 

100 Gb/s wavelengths planned for the testbed as well as custom user-supplied 

signals. As shown in the lower inset of Figure 3.22, many radio nodes will be 

equipped with analog radio over fiber (RoF) capabilities in addition to the digital 

RoF used throughout.  

The Columbia CRF optical space switch is planned to have 48 fiber pairs 

connecting 9 large radio nodes in different locations including several Columbia 

University buildings (tentative locations appear in Figure 3.22), City College of 

New York (CCNY) buildings, and city locations. Another six fiber pairs are used 

to connect to the data center at 32 Avenue of the Americas (32 AoA). The fully 

equipped testbed will include 20 programmable ROADM units connected to the 

space switch via 20×4 wavelength filtered add/drop fiber pairs and another 20×16 

add/drop pairs for connecting to computing resources or research devices. The 20-

line side fiber pairs connect to the space switch for WDM transport over the dark 

fiber pairs to other nodes. These ROADMs can be reconfigured to support various 

requirements from connected servers and research devices through top-layer user 
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applications orchestrated by a COSMOS SDN controller. The three PON splitters 

are connected via 3×11 fiber pairs, two with 1×10 splits, and the other with 1×32 

splits. Also, there are 60 fiber pairs for medium node direct connections, 20 pairs 

for commercial hardware, 20 pairs for test connections, and 3 spare pairs.  

Large radio nodes are constructed with a 16×16-port space switch with 3×1 fiber 

pair for 3 ROADMs, 6 pairs for direct Columbia CRF connections, 2 pairs for 

Ethernet switches, 2 pairs for Top of Rack (ToR) switches, and 3 pairs for medium 

nodes/remote radio heads (RRHs). For medium nodes, currently, there are two 

different configurations. One will use 6 fiber pairs to carry 1550 nm sub-6 GHz 

radio and spectral monitoring signals, and mmWave/RoF signals. The other 

configuration is implemented with only 2 fiber pairs. One pair will use a fixed 8-

channel mux/demux to support carrying all of these signals on one fiber and the 

other fibers are left for WDM expansion and mmWave/RoF signals. All node 

control information is carried on a dedicated 1300 nm signal introduced through a 

red/blue filter or using a 1300 nm port on the device, added and dropped before the 

ROADM units. A combination of short reach and long reach pluggable transceivers 

at 10 and 100 Gb/s will be used throughout the testbed. Long reach pluggable 

includes full band tunability for dense WDM operation. For multi-hop amplifier 

transmission, Menara IPG pluggable with built-in OTN wave wrapper, include 

forward error correction.  
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Figure 3.23 Deployment area and dark fiber network map [77]. 

Figure 3.23 shows the planned main dark fiber deployment area for COSMOS. 

Dark fiber already connects Columbia University to a large co-location data center 

at 32 AoA (7 miles south of the deployment area). In particular, a wideband FD 

transceiver prototype based on National Instruments (NI) USRP SDRs with 

custom-designed RF self-interference cancellation circuitry serves as a small cell 

(SC) node in Columbia University [99], [100]. The SC node communicating with 

user-end wireless devices sends complex IQ data through the dark fiber network 

for remote processing at the edge-cloud server using NI LabVIEW. On the x-haul 

side, real-time USRP-server communication is realized over a metro optical 

network using dark fiber provided by New York City and ZenFi Networks. Also, 

the Adaptive Multicast Services (AMuSe) application [101] simultaneously 

operates on the x-haul network where the wireless access point (AP) receives video 
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streams from different servers through on-demand optical switching managed by a 

Ryu based SDN controller [72] (black path to server 1 or green path across 32 AoA 

to server 2). 

The x-haul optical system is composed of two custom-designed optical nodes, 

including two 90-channel 1×4 WSSs and an EDFA and two Lumentum Whitebox 

ROADM units. All-optical switches and amplifiers are reconfigurable by a Ryu 

SDN controller. A Pica8 Whitebox Ethernet switch with Menara Networks tunable 

OTN SFP+ DWDM transceivers is used to convert Ethernet packets (e.g., to/from 

the USRP/server) to optical signals. In this method, rather than placing all the 

computational functionalities at the radio node, having a reconfigurable and 

dynamic optical layer C-RAN capability allows for offloading the node’s 

functionality based on application requirements (e.g., baseband IQ data streams or 

multicast video) to a remote compute cluster as illustrated in Figure 3.21, Figure 

3.23. Due to its high capacity (10s of Gb/s) and low latency (less than 1 ms), such 

an x-haul optical system can support high-performance computing tasks and 

flexible network topologies for next-generation wireless devices. With different 

application requests, the SDN controlled x-haul optical system automatically 

switches the optical path either to the 32 AoA dark fiber network or to the Pica8 

switch, enabling an optically switched bi-directional communication link between 

the AMuSe AP and the servers. Error-free operation of the amplified dark fiber 

network was demonstrated along with the switching of the AMuSe video server 

between near and far locations. Following the success of the prototype 

demonstration, the COSMOS testbed will be deployed in upper Manhattan and 

Harlem areas shown in Figure 3.23. 

In the COSMOS testbed, all optical devices are controlled by a dedicated Ryu 

SDN controller [72]. In the optical SDN control scheme and functional modules, a 



 
97 

 
 
 
 
 
 
 
 

local PostgreSQL database is designed to store all offline and online information 

from the optical network. The offline data mainly consists of long-term physical 

information, such as device/location IP, device type, and fixed fiber links. The 

online data are abstracted from the Ryu SDN controller to assist controller functions 

such as topology reconfiguration, optical Label-Switched Path (OLSP) backup, and 

network recovery. The Ryu SDN controller initializes with network data from 

PostgreSQL offline data (normal startup) or online data (network recovery) and 

then saves all network information to its Traffic Engineering Database (TED) to 

avoid slow read processing from PostgreSQL during network control. The TED 

maintains all traffic, light-path, and physical layer information of all-optical devices 

in the testbed. Network Monitoring, Domain Control & Management, and Path 

Computation modules collaborate with TED to handle all set up events on the 

optical physical layer. The Domain Control & Management is the core logical 

control module that deals with all northbound events from user/application via 

HTTP/JSON and all southbound events from the physical layer via various 

protocols depending on devices. The Path Computation module obtains network 

resources and runs Routing and Wavelength Assignment (RWA) for optical light-

path and switching setup. For optical controllable components in COSMOS, the 

Calient S320 is controlled through OpenFlow/Telnet and the Lumentum ROADM 

is controlled through NETCONF/YANG. With the Ryu SDN controller, Calient 

S320 SS and Lumentum ROADMs can be reconfigured to support various optical 

connection requirements from connected servers and research devices through the 

top-layer user/application. 
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Chapter 4 Power Dynamics in Optical Amplifiers 
For the disaggregated optical systems, in Chapter 3 physical layer control was 

identified as one of the main obstacles to their use. One of the most challenging 

aspects of the physical layer control is the management of the optical amplifiers. 

This chapter introduces the theory of power dynamics in optical amplifiers and my 

research related to the mitigating of power excursion in various methods. This 

chapter focuses on the optical channel excursion effect of power dynamics, which 

is status power or gain offset from EDFA settings.  

Section 4.1 is the introduction of the theory of steady-state power excursions 

arising from optical channel configuration and wavelength switching in the erbium-

doped fiber amplifier (EDFA) based reconfigurable optical add-drop multiplexer 

(ROADM) network. The optical channel operation event, including channel 

provisioning, channel dropping, wavelength switching, is reported to cause optical 

channel power excursion of more than 4 dB after four spans of 40 km single-mode 

fiber and 5 EDFAs [53]. The principle behind the power excursion is explained in 

a simple mathematical model, which shows that the maximum excursion resulting 

from the mean gain difference of original and provisioned optical channels and is 

independent of the number of channels of the change of input power. 

Section 4.2 and 4.3 describe specific strategies for the mitigation of optical 

channel power excursions, including dual laser switching [89], [102], and weak 

probe sampling [103]. As for the theory of EDFA, Section 2.2 is a detailed 

introduction. 

4.1 Theory 
As mentioned in Section 1.1 and 1.2, the increasing traffic growth is motivating 

dynamic optical transmission network, which has the advantage of being flexible 



 
99 

 
 
 
 
 
 
 
 

at bandwidth allocation which can handle dynamic traffic demands and higher 

efficiency. One of the most interesting approaches of dynamic network 

reconfiguration is the wavelength switching operation, where an on-demand optical 

channel is provisioned for temporary traffic needs. For example, large file 

transmission no longer needs to use the traditional IP based routing in the data plane 

but rather use an independent optical channel in the fiber established by wavelength 

division multiplexing systems. A key requirement in this process is the link setup 

time, in which the setup and stabilizing time should be low enough to make the 

wavelength switching operation cost-effective.  In current wavelength division 

multiplexed systems, the adding of the dropping of wavelengths is by static, manual 

operation. The optical channel is monitored by humans and the power is carefully 

tuned gradually to avoid system interruption for existing services, which takes a 

long time, and is usually measured in hours. Ideally, with the use of direct control 

in the physical layer devices, specifically, reconfigurable optical add-drop 

multiplexers and optical amplifiers, the rapid wavelength operating including 

channel provisioning should take as little as 50 ms [53]. 

In the process of wavelength switching operation, the network components 

including the wavelength selective switches and optical amplifiers have active 

adjustment in their internal control logic. In optical amplifiers, automatic gain 

control (introduced in Section 2.2) is often equipped to adjust the total power gain 

to a set level. The change in channel loading may trigger the adjustment in the 

power control algorithms and then lead to the change of channel powers. As a result, 

reconfiguration is needed to maintain the optical power of existing channels to 

maintain a stable network service.  

Due to the channel coupling effects, plus the nonlinear effects such as Raman 

effects and spectral hole burning, the wavelength switch requires automatic control 
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in optical physical layer devices, especially in optical amplifiers. The traditional 

wavelength division multiplexing system does not consider fast switching scenarios 

and wavelength switching operation is done in a slow, gradual manner to ensure 

service level stability (see Section 1.1). A detailed description/ mathematical model 

in power dynamics is key to enable the dynamic physical layer control.  

The power coupling in optical amplifiers in mainly a result of wavelength-

dependent gain in the automatic gain controlled EDFA, which only controls the 

total gain but not individual channel gain. When the total gain requirement is 

fulfilled, the individual channel may have a deviation from the average gain. To 

reduce the variation in the channel gain, there is an optical filter designed inside the 

amplifier. However, the residual gain for the individual channel, denoted as Gresidual, 

is the offset of actual gain versus the average gain. Usually, with a higher gain 

setting, the variation of gain will be larger.  

The gain spectrum is the product of the mean gain Gmean and the residual gain 

𝐺𝐺𝑟𝑟𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑏𝑏) and residual tilt 𝐺𝐺𝑡𝑡𝑖𝑖𝑟𝑟𝑡𝑡(𝑏𝑏) at channel index i. With constant gain control, 

the total gain of the EDFA will actively be controlled and maintained at a target 

gain set by the user, denoted as Gtotal, which only considers the total input and 

output power of the EDFA, ignoring any wavelength-dependent factors. It is 

because the wavelength dependence on the gain, tilt, and noise causes a difference 

in the total internal gain of the amplifier in order to maintain the constant total 

power gain, denoted as f. If we consider an input power change leads to the 

adjustment of total gain of the amplifier by f to maintain the target gain Gtotal, then 

the output channel power at channel index i can be written in Equation 4.1.  

𝑃𝑃𝑛𝑛𝑟𝑟𝑡𝑡(𝑏𝑏) = 𝑓𝑓𝐺𝐺𝑚𝑚𝑟𝑟𝑟𝑟𝑛𝑛𝐺𝐺𝑟𝑟𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑏𝑏)𝐺𝐺𝑡𝑡𝑖𝑖𝑟𝑟𝑡𝑡(𝑏𝑏)𝑃𝑃𝑖𝑖𝑛𝑛(𝑏𝑏) 

Equation 4.1 Output channel power at channel index i. 
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To calculate the adjustment factor f, first, we need to know the mechanism in 

the controller, which maintains the target total gain. The total output power is 

measured by the controller, denoted as, which is the product of Gtotal and the input 

of the amplifier, which includes the total input channel power, denoted as 

𝑃𝑃𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡,𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟 and a correction factor 𝑁𝑁𝑟𝑟𝑎𝑎𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑟𝑟 which is related to the average noise 

level generated by spontaneous emission of the EDFA, which is written in the form 

of Equation 4.2.  

𝑃𝑃𝑛𝑛𝑟𝑟𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡,𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟 = 𝐺𝐺𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟�𝑃𝑃𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡,𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟 + 𝑁𝑁𝑟𝑟𝑎𝑎𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑟𝑟� 

Equation 4.2 Correction factor which is based on the total target gain. 

Equation 4.3 shows the total output power 𝑃𝑃𝑛𝑛𝑟𝑟𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡,𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟  which includes the 

amplified channel power from Equation 4.1 and amplified input noise 𝑁𝑁𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡. The 

optical noise added by the amplifier is denoted as 𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟.  

𝑃𝑃𝑛𝑛𝑟𝑟𝑡𝑡𝑜𝑜𝑟𝑟𝑡𝑡,𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟 = �𝑓𝑓𝐺𝐺𝑚𝑚𝑟𝑟𝑟𝑟𝑛𝑛𝐺𝐺𝑟𝑟𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑏𝑏)𝐺𝐺𝑡𝑡𝑖𝑖𝑟𝑟𝑡𝑡(𝑏𝑏) �𝑃𝑃𝑖𝑖𝑛𝑛(𝑏𝑏) + 𝑁𝑁 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑏𝑏) + 𝑁𝑁 𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡(𝑏𝑏)�
𝑖𝑖

 

Equation 4.3 Total output power including input noise. 

The total input power 𝑃𝑃𝑇𝑇𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟 which is the sum of the channel power and the noise 

𝑁𝑁𝑁𝑁 is written in Equation 4.4.  

𝑃𝑃𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡,𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟 = 𝑃𝑃𝑖𝑖𝑛𝑛(𝑏𝑏) + 𝑁𝑁 𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡(𝑏𝑏) 
Equation 4.4 Total input power including the channel power and noise 

The power controller in EDFA is only able to see the total input and output 

power shown in Equation 4.2 and cannot see that of individual channels. In the case 

where only one channel is lit and a new channel is added which has a lower channel 

gain than the original channel due to wavelength-dependent gain, the total power 

gain will be lower because the average gain is lowered by the new channel. In this 
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case, an adjustment of the pump laser is required, which results in the gain change 

f. The resulting channel power excursion is then related to the gain setting and the 

input channel loading. The change of pump laser will affect all channels, including 

the gain, tilt, and nonlinear effects such as spectral hole burning. As a result, more 

iterations of power changes may be conducted by the power controller. 

From Equation 4.2, Equation 4.3, Equation 4.4, we have the following Equation 

4.5. This adjustment is related to the individual channel gain and the input channel 

loadings, which means that either adding or deleting the optical channel can lead to 

channel power excursion and then lead to adjustment.  

𝑓𝑓 =
𝐺𝐺𝑡𝑡𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟�𝑃𝑃𝑖𝑖𝑛𝑛(𝑏𝑏) + 𝑁𝑁 𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡(𝑏𝑏) + 𝑁𝑁𝑟𝑟𝑎𝑎𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑟𝑟�

∑ 𝐺𝐺𝑚𝑚𝑟𝑟𝑟𝑟𝑛𝑛𝐺𝐺𝑟𝑟𝑟𝑟𝑠𝑠𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑏𝑏)𝐺𝐺𝑡𝑡𝑖𝑖𝑟𝑟𝑡𝑡(𝑏𝑏) �𝑃𝑃𝑖𝑖𝑛𝑛(𝑏𝑏) + 𝑁𝑁 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑏𝑏) + 𝑁𝑁 𝑖𝑖𝑛𝑛𝑜𝑜𝑟𝑟𝑡𝑡(𝑏𝑏)�𝑖𝑖

 

Equation 4.5 Power adjustment factor. 

From Equation 4.5 we can see that the channel power excursion on existing 

channels is related to the new average gain due to channel provisioning. Here the 

channel provisioning is assumed to be single step channel provisioning, meaning 

that no physical layer control is conducted. In this way, the controlling logic can be 

developed from the network response of the wavelength switching operation. 

4.2 Dual Laser Switching 
 A hardware-based solution to resolve the power excursion introduced by AGC 

controlled EDFA is by using dual wavelength as the signal source. In this section, 

the transmission of 100 Gb/s PM-QPSK signals using fast laser switching technique 

by incorporating a laser pair in the transceivers as the source and local oscillator is 

studied through experiment and simulation. The dual laser switched pairs are used 

to cancel excursions for different pair wavelength locations in transmission over 8 

fiber spans totaling 255 km, representative of large metro scale networks. Using 
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276 ns guard bands which account for a 2.8% overhead, no impact on the bit error 

ratio is observed due to the wavelength switching. 

The theoretical analysis of optical channel power excursion is introduced in 

Section 4.1. By using two laser sources with an electro-optical switch to select 

between them within a single transceiver, the optical power of a single channel can 

be distributed over multiple wavelengths such that the excursion of these 

wavelengths can be reduced or canceled out [104]. The data split on the two 

different wavelengths is then recovered by dropping both wavelengths to the same 

receiver and using another switching pair in the receiver for the local oscillator, 

triggered by the switching transitions. When the switching period over these 

wavelength pairs is faster than the AGC control response time (on the order of 100 

μs or slower), there are no transient effects associated with this switching and such 

wavelength pairs can be rapidly provisioned without disturbing other channels in 

the system. Slow provisioning is no longer needed to avoid disrupting other 

channels and the setup or tear down can happen as fast as the switches can be 

triggered. Furthermore, once a switching pair is set up the switching on one of the 

sources can be gradually turned down giving the system controls time to respond 

again without disrupting other channels and freeing up the second wavelength for 

new channels. 
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Figure 4.1 100Gb/s PM-QPSK Experiment setup: A combination of two 
Integrable Tunable Laser Assembly (ITLA) lasers and a 2×1 nanosecond speed 
switch is used to spread a 100Gb/s PM-QPSK signal over two arbitrary 
wavelengths with adjustable duty ratios. The inset shows the ripple of a single 
EDFA. All EDFAs in the network have similar ripple functions with 0.8dB peak 
to peak [89]. 

The experimental setup is shown in Figure 4.1. The transmitter and receiver 

shown in this figure is introduced in detail in Section 2.1. Between the Tx and Rx, 

the optical network consists of 8 two-stage EDFAs operated at the gain of 18 dB 

and with 0.8 dB peak-to-peak ripple (Figure 4.1) with a total fiber length of 255 km. 

A tunable band pass filter is used to select a channel for BER analysis. The receive 

side LO wavelength is tuned to one wavelength of the switching pair at a time for 

demodulation although in practice a second electro-optic switch would select 

between two pre-tuned LOs. Multiple switching period frames are captured (Figure 

4.2 (c)) and BER analysis is made on each frame and averaged out to get the BER 

of the dual laser source switching channels. Also, by analyzing the bit errors on the 

rising and falling edge of a switching frame, the averaged transition time is 23 ns, 

as is shown in Figure 4.2 (d). 
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Figure 4.2 Experiment Results: (a) Signal power after fiber transmission. (b) BER 
of the existing channel with a changed duty ratio of Ch.4. (c) Signal read from the 
DPO. (d) BER in the transient state with time. (e) OSNR and excursion of Ch.49 
with a duty ratio of Ch.4. (f) Excursion of Ch.49 with different switching pair and 
its mitigation process. (g) Simulated excursion of Ch.49 with different switching 
pair and its mitigation process in a multi-hop network. (h) Excursions of different 
existing channels with switching pairs of Ch.4 and Ch.85 and its mitigation 
process[89]. 

To evaluate a worst-case scenario for power excursions, a static channel is set 

up at wavelength 1548.57 nm (Channel 49) with a measured BER of 2.9E-4. Two 

wavelengths of a switching pair are selected to be 1530.77 nm (Channel 4) and 

1563.10 nm (Channel 85) according to the EDFA ripple. Figure 4.2 (a) shows the 

power after signal transmission of the received dual laser source signal. The peak 

and dip in each switching period result from propagation delay measured to be 230 

ns. Combining this with the switching transition guard bands, the total required 

guard bands are 276 ns, corresponding to 2.8% overhead or reduced data rate due 

to switching. Figure 4.2 (c) shows the received signal power when the channel is 

switched and Figure 4.2 (d) shows the BER for the same period with a transition 

time (BER from 0.5 to 1E-3) of 23ns. Figure 4.2 (b) shows the change of BER of 

the un-switched channel (Ch.49) and one of the switching pairs (Ch.85) with 
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different duty ratios. With a duty ratio of 70%, zero excursion is achieved on the 

un-switched channel, and therefore the BER is unchanged for Ch.49. Figure 4.2 (e) 

shows the change of OSNR and power excursion in this case. Note that the BER 

decreases with a positive excursion (Figure 4.2 (b)), as expected since for this 

number of hops and fiber distance the impact of nonlinearity is small. For other 

modulation formats, higher launch power or longer distances, positive power 

excursions will cause more nonlinear impairments. Figure 4.2 (b) also shows that 

for the dual laser channel, the BER is stable and similar to the un-switched channel. 

To study the effectiveness of rapid wavelength reconfiguration in a network, 

different network channel loading configurations are measured. Figure 4.2 (f) 

shows the measured power excursion on the un-switched channels by moving one 

of the switching pairs from channel 85 to 50 while keeping the other switching 

wavelength on channel 4. 

The effectiveness of the dual laser approach is also analyzed, by moving the un-

switched channel from channel 15 to 75 while keeping the dual laser switching 

wavelengths unchanged as shown in Figure 4.2 (g). The first ‘blind’ adjustment 

with a 50/50 duty cycle is further reduced to minimal excursions with all different 

channel locations by adjusting the switching duty ratio. Based on modeling of this 

8 span link, the power excursions of 96% of the available wavelengths can be 

removed when provisioning a dual laser channel in this way. The effectiveness of 

the dual laser switching technology in a multi-hop network is also studied. Figure 

4.2 (h) shows the simulation results of a 4-node network with a different number of 

channels added/dropped on each span, assuming a new signal is needed from the 

first node through the network to the last node. In this case, excursions cannot be 

avoided with the new channel even using switching technology, however, the 

maximum excursion can be largely minimized (0.12 dB in Figure 4.2 (h)) by using 
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a switching pair to mitigate the excursion of the span with the fewest number of 

channels. On the other hand, a maximum power excursion of -1 dB can occur with 

static provisioning (i.e. typical single laser source transceiver). Additional studies 

of the wavelength blocking and other network considerations are still needed and 

will be the subject of future work.  

The use of two laser sources in a coherent optical transceiver was shown to 

enable rapid wavelength reconfiguration while mitigating worst-case channel 

power excursions to less than +/- 0.2 dB on an 8 span link. Using guard bands of 

276 ns in a 10 microsecond switching period (2.8% overhead) for 255 km 

transmission, the BER for 100 Gb/s PM-QPSK modulation was not impacted by 

the dual laser source switching. Using blind wavelength pair selection, the channel 

power excursions under wavelength reconfiguration were reduced from -3 dB to -

0.5 dB and additional tuning of the dual laser duty cycle reduced excursions to 

below 0.2 dB. Extending experimental results to a multi-hop case using simulation 

showed a reduction of the maximum excursion from -2 dB to -1 dB with reductions 

to 0.12 dB after tuning the duty factor. 

4.3 Weak Probe Sampling 
Besides the hardware solution to cancel out the optical channel power excursion, 

we can instead predict the optical channel power excursion and adjust it in the 

wavelength selective switches (WSS). The per-channel power tuning of the WSS 

requires channel monitor feedback with each adjustment and can take minutes to 

fully correct excursions along an optical path. Since the operating point of each 

EDFA impacts, all of the WDM channels in a fiber, power changes on one channel 

that move the EDFA operating point can cause power excursions on other channels. 

Thus, ensuring that the switching or reconfiguration of a wavelength does not 
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impact other channels becomes difficult to achieve in a dynamic network 

environment. The result of these deviations from target or design channel power 

levels is an optical signal to noise ratio (OSNR) degradation or high nonlinearities, 

which can accumulate over a large number of amplifier hops, resulting in high bit 

error rate (BER). 

If the power divergence and excursions can be predicted, their effects can be 

minimized through accurate power control with a minimum number of power 

tuning steps. Recent studies looked at using machine learning (ML) methods to 

assign wavelengths, minimizing power divergence based on historical 

measurements [105]. Though ML does not require EDFA gain characteristics, it 

needs a large number of historical measurements to make accurate predictions. Also, 

a trained ML model is unlikely to be adapted to other systems or even to other 

segments of the same network due to unique gain characteristics and operating 

regimes of each amplifier in a system. Therefore, new training data may need to be 

collected and the ML model may need to be re-trained for each unique hardware 

configuration.  

In another approach, using gain spectrum estimations for wavelength 

assignment to minimize power excursions resulted in the reduction of power 

excursion by 5%-15% [52], [106]. Detailed explanation of this approach is covered 

in Section 2.2. Power excursions were estimated by a simplified gain model which 

is based on the measurements of the fully-loaded WDM gain spectrum and the 

single-channel gain measurement at different wavelengths. However, the gain 

spectrum is not updated during wavelength switching operations. As a result, these 

predictions lead to a large error due to the tilt change, especially when tilt-

controlled EDFAs are used to compensate for the tilt from the input over a multi-

span transmission. Several previous studies investigated approaches for 
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characterizing EDFAs in WDM systems [107], [108]. By using a broadband edge-

emitting LED as a probe, the required number of probe channels can be quartered 

(i.e. 400GHz probe spacing) to recover the WDM gain with 0.2 dB error [107]. In 

[108], non-uniform probe channel spacing ranging from 400GHz to 800GHz was 

developed, achieving less than 0.25 dB error. 

In this section, a novel probing approach is investigated to enable real-time 

wavelength provisioning for the next generation of optical systems, while keeping 

lit channels undisturbed during that process. An efficient, low power optical probe-

based sampling technique is implemented to obtain in-service information about 

WDM line amplifier gain spectra, improving the accuracy over previous off-line 

estimation techniques while minimizing the number of samples and evaluated for 

prediction of optical power excursions due to wavelength switching operations. A 

weak probe is used to measure the EDFA gain characteristics without disrupting 

the performance of lit channels. Experimental results show that only 10% of WDM 

channels need to be probed to fully recover the EDFA gain. Moreover, the 

experiment shows that for a dual-stage EDFA with 5 dB tilt, the weak probe 

approach reconstructs the amplifier gain spectrum with less than 0.15 dB error. 

Besides, the estimated gain spectrum can be used to predict the power excursions 

with high accuracy in advance of making changes to the system such as 

reconfiguring wavelengths. The corresponding optical power excursion prediction 

error is shown to be less than 0.2 dB in a two-span node-to-node system with a 3 

dB peak-to-peak channel power difference.  

In a dynamic network with frequent wavelength switching, a change in input 

wavelength configuration of an EDFA can affect the gain of other channels and 

generate power excursions. The power excursion model is introduced in Section 

4.1.  
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 The input and output power, and therefore the cumulative gain for provisioned 

channels can be measured using conventional optical channel monitors (OCMs). 

To calculate the power excursion f when a new channel or channel group is added, 

the gains of the new individual channel or channel group need to be measured. 

Using a probe much weaker than the lit channels lead to negligible power excursion 

f. By measuring the probe input and output of the EDFA, the gains of the potential 

new channel or channel group are determined and therefore the power excursions f 

can be predicted. 

    One potential issue for this approach is that a tunable probe needs to be 

scanned over all WDM channels to fully reconstruct the gain spectrum, which can 

require a long scanning time. Because the EDFA gain is a slowly varying function, 

by measuring only a few samples, the full gain spectrum can be reconstructed 

[103].This experiment first evaluates the weak probe approach for the EDFA gain 

reconstruction on a single two-staged amplifier. After that, a system with 2 EDFAs 

is evaluated to show the effectiveness of this weak probe approach for gain 

reconstruction and power excursion estimation. 

The performance of weak optical probing for EDFA gain spectrum estimation 

was evaluated respectively for a single amplifier and a two-span node-to-node 

WDM link. The required number of probe wavelengths for a full C-band gain 

reconstruction can be much smaller than the number of discrete wavelengths in a 

WDM system. Compared to >0.6 dB estimation error using previously reported 

methods, a 10% probing frequency can provide gain spectrum estimation with 0.15 

dB accuracy and is promising for in-service gain and channel power excursion 

estimation. Due to the slowly varying wavelength dependent gain, as few as 10 

points can be probed in order to recover the full spectrum [109]. 
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Chapter 5 Machine Learning-Based Numerical Modeling 
for Optical Amplifiers 

From the Chapter 4 we reviewed and realized that power dynamics in an EDFA 

is the major optical physical layer uncertainty that requires an accurate model for 

accurate quality of transmission estimation and optical physical layer software-

defined network control. In this chapter, various numerical models for optical 

amplifiers will be reviewed, which in addition to the mathematical model based on 

physics, an empirical numerical model based on experiments introduced previously, 

include a machine learning-based model, and an improved machine learning model, 

a.k.a., hybrid machine learning EDFA model. By analyzing these models, the 

performance of each model is analyzed and how these models can be used is 

discussed, from an optical network engineer’s perspective. 

Section 5.1 revisits the simple empirical numerical model. Average gain 

controlled EDFA gain offset, a.k.a., gain excursion, in the environment of 

wavelength division multiplexing (WDM) optical networks was experimentally 

investigated, which verifies the channel power excursion in wavelength switching 

operation and that the cascaded EDFA can accumulate this excursion [62]. By using 

this empirical model, the excursion can be mitigated by proactive network control, 

which shows a reduction of power excursion by up to 0.7 dB.  

In Section 5.2, a novel machine learning model for Erbium-Doped Fiber 

Amplifiers (EDFA), based on deep neural networks and supervised learning, is 

proposed and implemented [63]. This is the first time a machine learning based 

model is applied to the optical amplifiers in order to get better power prediction 

accuracy for use in QoT estimation—taking a bottom up approach. Experimental 

verification shows its capability to determine wavelength-dependent gain for use in 
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wavelength division multiplexing (WDM) optical networks and achieves prediction 

error (root mean square error) of 0.08 dB, 0.18 dB, and 0.27 dB under the different 

settings of input power ranges (-18 dB +/- 3 dB, 6 dB, and 9 dB).  

In Section 5.3, a novel hybrid machine learning (HML) model, which combines 

a-priori knowledge (the empirical numerical model in Section 5.1) and a-posteriori 

knowledge (supervised machine learning model in Section 5.2) is proposed and 

realized, which is shown to reduce the training complexity, both in time and space, 

compared to an analytical or neural network-based model. 

5.1 Empirical Numerical Model 
As mentioned in Chapter 4, in a dynamic optical transmission system, optical 

channels can be dynamically provisioned or dropped according to changing traffic 

requirements. The dynamic reconfiguration includes the change of wavelength for 

optical channels, power adjustment in optical links, and wavelength rerouting. As 

a result, the input channel loading conditions of optical amplifiers will be changed 

and the working status will be affected by this change. As explained in Section 2.2, 

changed input of optical amplifier will affect the automatic gain control algorithm 

to change the pump laser to maintain total gain which may lead to channel power 

excursion and the transient response of EDFA such as overshoot and undershoot, 

affecting the quality of the transmission of newly established or existing optical 

signals. For the former case, we can use a mathematical model to predict and make 

adjustments while doing wavelength switching operation. For the latter case, recent 

research has shown that a variable optical attenuator with fast response time can 

help to mitigate the transients [110]. The detailed introduction of this empirical 

numerical model is covered in Section 2.2 and the following is the discussion of its 

performance. 
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 This empirical numerical model can predict the gain for the individual channel 

from the two characterized gain profiled. However, only the gain information for 

EDFA is captured and used in this analytical model, which means that other 

information, such as noise level of EDFA output, exact channel power level is 

missing in this model. As a result, it does not have an accurate prediction for input 

channel loading with high power variation. For corner cases where there are only a 

few channels in the input, the model does not have a good performance.   

5.2 Machine Learning-Based Numerical Model 
As mentioned earlier, an accurate model that predicts the individual channel 

power can help the network controller to reduce the network margins. As a result, 

higher bandwidth becomes available, the network can have more robustness, and 

the operation cost of the system can be reduced.  

The prediction of optical power excursion has been studied extensively. A top-

down approach using a neural network is reported to predict channel power changes 

in wavelength switching operation [85]. The variance of optical power can also be 

predicted by neural networks [105]. A numerical framework for EDFA power 

estimation is reported to be able to predict individual output channel power [111]. 

The principle behind the optical channel excursion is explained by a simple 

mathematical model [53]. Based on simple characterization, an empirical model 

was shown to predict optical channel gain with limited accuracy [106]. However, 

none of these models tried to build a generic prediction of the EDFA gain, that is, 

based on the input power spectral density, predict the output power spectral density. 

This generic model ideally could cover all power-related information in an EDFA, 

including optical channel power, optical channel noise, optical power excursion in 

wavelength switching operation, etc. This generic model could also be applied to a 
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QoT estimation tool without any modification and can be used without any 

intentional assumptions or restricted working environment. 

The average gain controlled (AGC) EDFA modeling based on physics, as well 

as the empirical numerical model based on center of mass have been introduced in 

Section 2.2 and Section 5.1, where the pros and cons of these models are analyzed. 

 

Figure 5.1 Neural network structure for EDFA modeling [103]. 

In this work, a neural network is proposed and used for supervised machine 

learning algorithms that train an EDFA model and be used to predict the gain of 

individual channels or output power of channels based on the input channel loading 

conditions. TensorFlow is used as a backend tool for neural network 

implementation. 

In this neural network, there are 90 channels in the wave plan, and each channel 

is used as an input node in the input layer of the neural network. The value of each 

input node is the power level of the individual channel. To make an accurate 

prediction for each output channel 90 neural networks are built for 90 individual 

output channels. As a result, each new network has only one output note indicating 

the power level of the specific output channel. In this way, the complexity of the 
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neural network can be reduced, which can accelerate the training converging speed 

and avoid interference of different channels.  

The characterized training data set is divided into three groups which are the 

training group, the validation group, and the test group. The training data is the 

largest group of data that is used for model training so that the weights of edges in 

the neural network nodes can be adjusted to minimize the target error. To avoid 

overfitting issue, the validation data is used to control the complexity of the model 

and ensure the performance for test data or real-world scenarios. As for the target 

error, the mean square error loss function is used.  The test data is used as a 

benchmark for the performance of the trained model.  

The specific process and parameters in the neural network are explained as 

follows. First of all, the input layer has optical channel power, which should be a 

real number. The captured power level read from the optical channel monitor is in 

dBm, which means that the dB values have to be converted to a linear scale. In this 

experiment, mW is used as the input power unit. To make sure that the error 

converges and there is no loss of precision in the floating-point calculation, all the 

linear scale mW values are scaled by a factor of 300. Experimental shows that by 

scaling these values, the model can converge successfully. In the hidden layers of 

the neural network, there are 90 neurons in the first two hidden layers, then 45 

neurons and 10 neurons in the following layers. As for the nonlinear activation 

function, rectified linear unit is used to make sure the value of power is not negative. 

The activation functions for every two layers are rectified linear unit and linear. 

The detailed structure of the neural network is shown in Figure 5.1.  The training 

target of this model is to minimize the target loss. Backpropagation is used for 

weight adjustment and to find the minimum error, stochastic gradient descent is set 

to ensure the optimal performance of the weights. To accelerate the training process 
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and avoid random walk in the optimization process, the weights are updated using 

a batch of 60 data samples. The learning rate which controls the speed of weight 

adjustment is set as 0.00025, to ensure a smooth convergence process. The number 

of total weight adjustment is larger than 20000.  

 

Figure 5.2 Experiment setup for EDFA power response characterization [103]. 

As for the experimental setup shown in Figure 5.2, a comb source with 90 

channels of continuous-wave lasers is used to generate optical power in the wave 

plan. Since the optical power is the research target, the channels are not modulated 

and we can assume that the bandwidth of each channel does not impact the accuracy 

of the model. All the channels are sent into the wavelength selective switch, which 

is controlled by the characterization program to select the on channels and fine-

tuning the optical power of each channel. Initially, all the channels have a uniform 

power level at -18 dBm per channel. In the randomized capturing process, where 

the variation of optical channel power is allowed, the power of an individual 

channel can have an offset from the target input power of -18 dBm. The EDFA is 

set to work in automatic gain control mode with an average gain or target gain set 

to be 18 dB, which accurately compensates for the loss in the fiber span and 

generates a near-ideal launch power of 0 dBm for each channel. The tilt is 

intentionally set to 3 dB to mimic cascaded EDFA scenario and assuming that each 

EDFA does not have a good middle stage filter. Before and after the EDFA, the 

input and output channel power is captured by optical channel monitors built inside 
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the wavelength switch, where individual channel power can be read accurately, 

with a measurement error of around 0.1 dB. To make large volume data capture 

possible, automation is necessary for this setup. A remote controller that is 

programmed according to the data capturing requirements is configured and can 

control all the devices shown in the experimental setup. 

 

Figure 5.3 (a) Measured WDM and single-channel gain spectral. (b) The 
normalized frequency density function of prediction error using the CM 

analytical model [103]. 

To evaluate the performance of the empirical numerical model introduced in 

Section 5.1, the single-channel and the fully-loaded ripple function for a single 

EDFA is characterized. The captured single and fully loaded ripple function is 

shown in Figure 5.3(a). From this figure, we can find that the power response of 

EDFA depends on the input channel loadings. It also depends on specific power 

levels of input channel power. By using Figure 5.3(a), the numerical model 

mentioned in Section 5.1 is built and the result is shown in Figure 5.3(b). In this 
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figure, we can find the normalized frequency density for different scenarios. The 

horizontal axis shows the error of predicted per channel gain, and the vertical axis 

shows the frequency of this level of error. From this frequency density graph, we 

can find that the performance of is analytical model depends on the actual value of 

input channel power, and a higher variation in input channel power harm the 

performance of this analytical model. In the real-world scenario, the input channel 

loading will be quite different for different systems and it is impossible to have a 

uniform input channel powers for all the channels. As a result, this numerical model 

can only be used for ideal systems with uniform input channel power.  

Table 5.1 RMSE of analytical and ML model [103] 

 

As mentioned earlier, to build a new network and change the network neuron 

weights we have to capture enough data of input and output channel powers of the 

EDFA. Please note that for different EDFA settings we have to capture different 

data sets just for that specific configuration. For example, if the EDFA is set to have 

18 dB gain, then we have to capture a separate dataset that is only for 18 dB gain. 

The same criteria apply to other parameters of ETFA, for example, the gain tilt and 

the middle stage loss. After we capture the EDFA data the training process can start 

and after the training process is done we can compare the error distribution of the 

analytical model and machine learning-based model.  

In Table 5.1, the leftmost column is the dynamic range which means the 

variation of input channel power. For example, if the target power is set to be -18 

 

Dynamic range 
[dB] 

Analytical 
[dB] 

Machine learning 
[dB] 

+/- 3 0.247 0.081 
+/- 6 0.359 0.180 
+/- 9 0.410 0.266 
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dBm with the dynamic range of +/- 3 dB, then the actual input power level could 

be within the range of -15 dBm and -21 dBm. In this experiment, the input power 

level is controlled to be within this range with a uniform distribution. It is shown in 

the table that the ML model is able to reduce the error (root mean square error) by 

67 %, 50 % and 35 % in scenarios where dynamic range is set as -18 dBm +/- 3 dB, 

-18 dBm +/- 6 dB and -18 dBm +/- 9 dB. Please note that the error of the machine 

learning model is within 0.3 dB which is very close to the measurement error of a 

typical optical power measurement device.  

 
Figure 5.4 Error distribution of analytical model and ML model with a dynamic 

range of +/- 3, 6, 9 dB [103]. 

In the test stage, the NFD of both models are analyzed using the same test data 

set, shown in Figure 5.4 (a), Figure 5.4 (c) and Figure 5.4 (e). In the case of -18 

dBm +/- 3 dB dynamic range, the 99.95 % of the errors are within 0.5 dB in the ML 
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model.  Only 94.9% of the error fall in the same range in the analytical model. In 

the case of -18 dBm +/- 6 dB dynamic range, the ratio of error below 0.5 dB is 

98.37% in the machine learning model versus 85.11% in the analytical model. In 

the case of -18 dBm +/- 9 dB dynamic range, the low error ratio is 93.57% in the 

machine learning model versus 81.07% in the analytical model. In conclusion, the 

machine learning model shows overall better performance in the prediction of 

output power under all of the test scenarios.  

Because the maximum power excursion happens when there are only one 

channel and the provisioning channel is on the other side of the spectrum, it is very 

interesting to evaluate how these models perform in these corner cases such as the 

corner case where only two channels are turned on. In Figure 5.4 (b), Figure 5.4 (d), 

and Figure 5.4 (f), the normalized frequency density of the error of these corner 

cases is shown. Under the scenarios of +/- 3, 6, 9 dB input power variance, the 

ratios of prediction errors below 0.5 dB for machine learning models and analytical 

models are 99.38 % and 95.88 %, 98.57 % and 87.78 %, 95.62 % and 83.18 %, 

respectively. The machine learning model can avoid errors that are bigger than 0.5 

dB for most of the corner cases, which has a much better performance compared to 

the analytical model. 
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Figure 5.5 Normalized frequency density of prediction error of the analytical 
model and machine learning model, with a gain value of EDFA set as 14 dB and 

22 dB [103]. 

As mentioned earlier, different EDFA settings should have different neural 

network models that are trained separately by separate data sets. To verify the 

performance of the machine learning model with various EDFA settings, EDFA 

gain is adjusted to verify the performance of the models. In Figure 5.5, the EDFA 

with a set gain of 14 dB and 22 dB, is trained and evaluated. The test error 

distribution is shown in the figure. From the worst scenario where the dynamic 

range is +/ 9 dB, we can find the root mean square error is reduced by 10% (0.35 

versus 0.39) for 14 dB gain setting and 15% (0.35 versus 0.41) for 22 dB gain 

setting.  

Another factor in the output of EDFA is the spontaneous emission noise which 

will affect the performance of the transmission system, especially where multiple 

EDFAs are cascaded. The EDFA spontaneous emission noise will accumulate at 

the downstream amplifier. In the proposed machine learning model, noise power 

that is outside the dynamic range is simply ignored. Further experimental test shows 

that the root mean square error reduction is 52 % (0.24 vs. 0.49), 33 % (0.23 vs. 

0.35), 9 % (0.28 vs. 0.31), where the noise of blocked channels is at -40 dBm, -35 

dBm, -30 dBm per channel.  
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In conclusion, machine learning-based modeling using deep neural networks 

and supervised learning is implemented and the performance is evaluated with the 

comparison of the analytical model. The results show the reduction of gain 

estimation error in machine learning models compared with analytical models. It 

will be of interest in the future to test the prediction performance in the quality of 

transmission estimation using this model in disaggregated optical networks.  

5.3 Hybrid Machine Learning Model 
Recent machine learning-based EDFA models [66], [85], [112], replacing 

lookup tables or analytical models [53], [65], [103], [106], are all built solely from 

a-posteriori knowledge which is trained from the experimental data, ignoring the 

existing a-priori knowledge. In this section, a novel hybrid machine learning (HML) 

model is proposed and implemented for EDFAs, which combines an analytical 

model with a neural network machine learning model to achieve higher prediction 

accuracy while reducing the training complexity, in both the training time and the 

size of the training sample data sets. 

Before using any supervised learning techniques, the analytical model of EDFA, 

which is based on experiments, has been introduced in Section 5.1. We call this 

analytical model of EDFA a-priori knowledge. As a learning process, the machine 

learning models of EDFA, which is based on a large data set of input and output 

power spectrum characterization are denoted a-posteriori knowledge. This ML 

model has been introduced in Section 5.2. The following is the introduction of 

Hybrid Machine Learning model. 

A supervised machine learning algorithm is designed to train a neural network 

model of EDFAs to predict the gain spectrum based on the input power spectrum. 

The Neural Network (NN) architecture is implemented with TensorFlow. 
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Figure 5.6 Hybrid machine learning model with a-priori knowledge included in 
the input layer, shown in the green node. 90 features (x1-x90) of input channel 

power and another 90 features (x91-x180) of gain spectrum predicted by the 
analytical model are used. The hidden layers have 180, 90, 90, 45 neurons [48]. 

In the hybrid ML model, one hundred eighty features are used as the input to the 

NN. The first ninety features represent the power levels of each of the 90 channels. 

The second 90 features are the predicted output power levels determined by the 

analytical model. All power levels are converted into decimal power levels and 

normalized. Each neural network has 4 hidden layers and an output layer with 

artificial neuron transfer functions of ReLU (rectified linear unit), Linear, ReLU, 

Linear, and ReLU. Each layer contains 180 neurons, 90 neurons, 90 neurons, 45 

neurons, and 1 neuron, respectively. The full NN architecture can be seen in Figure 

5.6. 

A separate NN is created for each output channel. Data is divided into 3 classes: 

training data, validation data, and test data. The training data is used to train the NN 

to minimize the Mean Square Error (MSE) loss function. The validation data is 

used to determine which parameters provide optimal performance after using the 

training data. The test data is used to evaluate the trained model. The model is 

trained by minimizing the MSE loss function using stochastic gradient descent with 

backpropagation with m = 60 mini-batch size and a learning rate alpha = 0.00025.  
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The experiment setup is the same as the one introduced in Section 5.2. In the 

experiment, the EDFA is configured to have 18 dB gain and the input channels are 

randomly set to be ‘on’ or ‘off’, with -18 dBm +/- 6 dB variation in optical channel 

power for each “on” channel. Three dimensions of machine learning system 

performance are evaluated, as shown below. 

 

Figure 5.7 Normalized Frequency Density of Analytical, ML, HML after 5000 
iterations [48]. 

First is the accuracy of the HML model with abundant data samples (12000 

samples are used) and unlimited training time (25000 iterations is used). The mean 

square error (MSE) of the predicted channel power is 0.362 dB (analytical), 0.160 

dB (ML), 0.144 dB (HML), in which HML has a 10.5 % reduction of error, 

compared with ML model. As a result, the ultimate performance of HML is slightly 

better than ML given unlimited data and time. However, when data and time are 

limited, HML has a much better performance than ML. In Figure 5.7, the 

normalized frequency density of error shows that HML has much narrower error 

distribution than ML when the number of iterations is limited to 5000 (originally 

25000, the training sample size is the same as original). From Figure 5.8, the 

convergence process of the models is shown, where the HML has a faster speed. 
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Considering a target MSE of 0.2 dB, HML requires 37 % less time than the ML 

model (with the same ML configuration).  

 

Figure 5.8 Convergence speed comparison of ML and HML model [48]. 

 
Figure 5.9 Comparison of training sample size in ML and HML model [48]. 

The third dimension is the number of training samples required. In Figure 5.9, 

the MSE with different numbers of samples is shown for the three models. With 

fewer training samples, HML can achieve the same performance as ML. For 

example, to achieve the ultimate 0.134 dB MSE by the ML model, HML needs 33 % 
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fewer training samples. In another example, to surpass the prediction accuracy of 

the analytical model, HML needs 17 % fewer training samples than the ML model.  

Greater accuracy in the channel power prediction for EDFAs is expected to 

improve the accuracy of channel performance or QoT estimation, which is critical 

for the control and management of optical systems. In a typical optical system, the 

accuracy of power control and measurement is usually around 0.1 dB, which means 

that the 0.144 dB prediction error of the HML model is close to the system 

limitation. Although the HML can largely reduce the training sample size and 

training time relative to the ML approach, it still requires a longer data capturing 

process, compared to the analytical model, and further progress is needed to reduce 

this training process, for example through the use of transfer learning. 

As a conclusion, a hybrid machine learning model is examined, that takes 

advantage of an analytical model as input to the machine learning model. Based on 

experimental measurements, this HML model is shown to increase the prediction 

accuracy of the output optical power spectrum of an EDFA by 10.5 %, reduce the 

training sample size by 33 % and reduce the training time by 37 %. 
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Chapter 6 Enhancement of Quality of Transmission 
Estimation by Machine Learning 

In this chapter, the enhancement of quality of transmission (QoT) will be 

introduced, by using the aforementioned machine learning methods. The key issue 

to solve in this work is accurate numerical modeling of the EDFAs, which is 

reviewed in detail in previous chapters. The machine learning methods are covered 

in the previous chapter. This chapter will focus on the implementation of a better 

quality of transmission estimation from an engineer’s perspective. This is the first 

example of a bottom up approach to ML based QoT estimation, where an individual 

network component (EDFA) is numerically modelled by ML and then applied to 

optical network QoT estimation. 

6.1 Known Issues in Quality of Transmission Estimation 
In QoT estimation, a network topology is modeled to reflect the real optical 

network and optical transmission system. All of the passive and active devices are 

characterized and numerical models are built so that the key optical parameters can 

be calculated based on the physics. However, not all of the network components 

have accurate models and not all of them are easy to characterize. For the estimation 

of transmission quality, the most important parameter is the power of the 

transmitted signal and the noise in the optical channel. The optical signal power 

and noise determines the in-band optical signal to noise ratio, which is directly 

related to the bit error ratio (BER), the most important parameter of QoT. 

Dependent on different optical transceivers, the relationship between OSNR and 

BER is different, and usually, OSNR is a more general parameter for optical 

channel quality evaluation. Most of the passive devices have an accurate physical 

model and can be characterized easily, such as optical fiber, splitters, arrayed 
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waveguide grating (AWG), space switch, wavelength selective switches, etc. For 

active devices, due to its laser emission and control logic, it is usually harder to 

characterize or model. EDFA, which has imperfect wavelength response, is the key 

issue to an accurate QoT estimation. Another barrier for QoT estimation is the 

nonlinearity effects, which have a complex model and hard to characterize. In metro 

scale optical networks and data center interconnection networks, we can simplify 

the nonlinearity model by using the Gaussian Noise model. A good open-source 

planning tool, oopt-gnpy, is used in this chapter as a basis of development. This 

chapter will focus on the enhancement of GNPy by using the aforementioned 

machine learning model, and the detailed procedure will be discussed in Section 

6.2 and 6.3. 

6.2 Generic Model for EDFA 

6.2.1 Concept 
In disaggregated optical networks controlled by optical physical layer SDN, 

network planning for channel allocation and reconfiguration requires the 

information from the optical physical layer, which is often captured in real-time 

from optical performance monitoring devices such as optical spectrum analyzer, 

channel power monitor. As shown and discussed in Figure 1.2, a new path to be 

provisioned will go through optical fibers, EDFAs, multiplexers, and optical space 

switches. The optical signal quality to be estimated, which usually is OSNR or 

generalized OSNR (gOSNR), needs to be calculated by the Optical SDN 

Orchestrator, by combining the information gathered from the peripheral devices. 

The goal of this comprehensive network control structure is to minimize the error 

in QoT estimation before channel provisioning, for both the provisioned/dropped 

channel as well as other active channels. Accurate QoT estimation can provide real-
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time SDN control in disaggregated systems with a tighter margin, which can help 

to reduce the number of unnecessary regenerators, increase the spectral efficiency, 

and lower the operating cost. 

A typical wavelength dependent gain characterization of an EDFA is shown in 

Figure 6.1. The output variation can be as high as 6 dB in extreme case, leading to 

a high variation in the signal quality of different channels. A generic EDFA model, 

as mentioned, should be able to predict the output optical channel power based on 

input channel power. The predicted optical power can then be used for QoT 

calculation. 

 

Figure 6.1 EDFA wavelength response. When the input is flat and set to be the 
typical input power, the output can vary as high as 6 dB, especially in a cascaded 
scenario. 

To use an optical physical layer SDN to make QoT estimation, accurate channel 

power information is required and a recent report has shown that by using an optical 

channel monitoring system at each amplification node, we can have a Gaussian 

Noise (GN) model-based QoT estimation, which is shown in Figure 6.2 [81]. An 

accurate EDFA model can predict the channel power instead of measurement, 

which can provide less cost while improving the GN model accuracy. 
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Figure 6.2 A QoT estimation framework based on the GN model. In the workflow, 
the EDFA channel power information is captured by channel power monitoring 
systems [81]. 

The purpose of having an accurate EDFA model includes better channel power 

prediction, better end-to-end QoT prediction, and improving the GN model. The 

main difficulties are the dynamic gain spectrum which is dependent on the input 

channel loading. With complete design details and data collected at a given point 

in time, the EDFA behavior could be exactly calculated. The range of channel 

configurations and component variations is too large to fully characterize in 

practice. Therefore, various heuristic, numerical, or machine learning models are 

needed to estimate the performance based on available data, where the data plays a 

key role in the successful implementation of the corresponding models. 
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Figure 6.3 Function signature of an ideal EDFA model. 

Ideally, an EDFA model should be able to calculate the output power spectrum, 

including the optical channel power and the noise level for each channel, given the 

input power spectrum and the EDFA configuration such as gain, tilt, middle stage 

loss, etc. Using the Python programming language, we might represent this model 

with a function of the form shown in Figure 6.3. For the lowest prediction error, 

this function might use the hybrid machine learning (HML) based model for 

EDFAs, which was introduced in the previous chapter. Here the following 

subsections (6.2.2, 6.2.3, 6.2.4) will focus on the automation of data capturing for 

the practical application of such models. 

6.2.2 Automated Data Capturing for EDFAs 
To capture the training samples for the supervised learning process in the hybrid 

machine learning based EDFA model, standardized and automated data capturing 

must be implemented to ensure data consistency and the efficiency of the data 

capturing process.  

 

Figure 6.4 Setup for EDFA power spectrum characterization. 
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An example of an EDFA data capturing setup in the TOAN lab is shown in 

Figure 6.4 [108]. An EDFA is used as an amplified spontaneous emission (ASE) 

noise source, which can generate white noise across the whole C-band (1550 nm). 

The Nistica wavelength selective switch (WSS) is used to shape the white noise 

spectrum to make it similar to modulated optical channels. The EDFA combined 

with a WSS is used as a comb source, which can be configured for different 

wavelength channel plans and channel spacing. The output is sent to another WSS 

for channel configuration. In this WSS, the input channel loading is configured, 

which will become the input of the EDFA (Lumentum optical amplifier) or device 

under test (DUT). To capture the input and output channel power, a 1% tap is used 

at the input port of the EDFA, and the built-in optical channel monitor (OCM) is 

used to read the optical channel power readings. All of the devices are remotely 

controllable via the RS232 interface. The automated script is written in Python 3. 

 

6.2.3 Automated Data Capturing for Disaggregated ROADM 
System 

For disaggregated optical systems, the optical amplifiers are usually integrated 

into the ROADM nodes. An example is shown in Figure 6.5. The Booster amplifier 

is used to compensate for the loss in the Multiplexer (Mux) WSS module and ensure 

the launch power of the optical channels. The Preamp amplifier is to compensate 

for the loss of fiber and Demultiplexer (Demux) WSS. 
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Figure 6.5 Structure of an open ROADM node (Lumentum ROADM 20 
Whitebox). 

 

Figure 6.6 Booster amplifier characterization setup. 

To automate the Booster amplifier characterization, three Lumentum ROADM 

boxes are required, as shown in Figure 6.6. Lumentum 1 is used as a comb source, 
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which is set to have a standard wave plan according to G.694.1 (Figure 6.8). The 

total number of channels is 91 with 50 GHz channel spacing. Each channel is 

configured to have a bandwidth of 37.5 GHz. The Booster amplifier in Lumentum 

2 is the DUT, in which the Mux is used for channel configuration and monitors the 

input spectrum of the Booster amplifier. The amplified signal is fed into Lumentum 

3, which is used as an optical channel monitor and captures the output power 

spectrum. 

 

Figure 6.7 Preamp amplifier characterization setup. 

To characterize the Preamp amplifier, the setup is different, shown in Figure 6.7. 

Lumentum 1 is used as the comb source and has the same configuration but the 

Mux module is also used for channel configuration. The comb source signal is fed 

into either a 3 dB splitter or a space switch to route the signal to different devices. 

To measure the input power spectrum, the signal is routed to Lumentum 3, the Mux 

module of which is used for input channel power capturing. Then the signal is 

routed to Lumentum 2 LineIn port so that the signal is fed into the DUT (Preamp). 

The amplified signal is then captured by the Demux module. All the devices are 
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controlled remotely via NETCONF/YANG protocol and the automated script is 

written in Python 3.  

 

Figure 6.8 Waveplan according to G.694.1 specification (since the whole 
waveplan is very long, only a section is shown here). 

 

Figure 6.9 Network setup for remote data capturing. 

An example of a network setup for remote data capturing is shown in Figure 6.9. 

As introduced earlier, the COSMOS testbed is the latest platform for disaggregated 

optical network experiments. The automated data capturing process takes a long 

time and requires a server to do the work continuously. In this setup, the server is 

located in a cloud service provider. By setting up an SSH tunnel, this host can 

access the Demilitarized zone (DMZ) of the COSMOS internal network. Optical 

SDN, introduced in previous chapters, is used for optical physical layer control. 

The DUT, a.k.a., the Lumentum ROADM nodes, are located inside the COSMOS 
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DMZ. Automation is implemented in Python 3 and multiple SDN protocols are 

used in the script. 

6.2.4 Standardized EDFA Characterization Database 
Since the characterized data can be used for various applications including but 

not limited to, EDFA modeling, QoT estimation evaluation, and machine learning 

data sets for an optical network, the EDFA data set needs to be standardized. The 

structure of an example data record is shown in Figure 6.10. The file is stored in 

JSON format, which has two components: settings (OrderedDict object) and data 

(List object). The setting includes all metadata about the DUT including the gain, 

tilt, device name, etc. The data section has an ordered list of records. Each record 

has the input channel powers of active channels, output channel powers of active 

channels, and the output spectrum across the whole C-band (used for noise level 

training). JSON is also convenient because it can be paired with plain text data files 

often used in standard databases and provide a means for reading and interpreting 

the files for software packages such as gnpy. 
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Figure 6.10 Data structure of standardized EDFA data set. 

6.3 Implementation using GNPy 
In the GNPy implementation of QoT calculation, separate network components 

are modeled in separate classes. When a signal is transmitted through these network 

components, the parameters of the signal channel is updated by them and thus the 

signal quality can be kept updated. When an accurate EDFA model is trained, the 

gain spectrum can be predicted based on the input channel loading. In order to plug 

the gain profile into the GNPy tool, a modification in the private method 

_gain_profile is required. The function signature of this method in the latest version 

(2.1) of GNPy is shown in Figure 6.11. The current gain spectrum is calculated 

based on the gain ripple and tilt. However, as we can see from the definition of the 

current version of _gain_profile method, the corresponding parameters are not in 
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the input of the method. Instead, in this version, the EDFA is assumed to be ideal, 

as is shown in Figure 6.11. From the definition of the variable gain_ripple we can 

see that the ripple is assumed constant and independent of actual input channel 

loadings. Future development is needed for a dynamic gain spectrum.  

 

Figure 6.11 The function signature of the _gain_profile method in the latest 
version (2.1) of GNPy. 

When integrating the machine learning-based model with GNPy, the EDFA 

class in elements.py needs to be updated to incorporate the custom gain spectrum 
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based on input channel loadings. The specific neuron parameters need to be stored 

as a configuration file in the code and the model which has the ideal EDFA model 

signature (shown in Figure 6.3). The EDFA class is then able to calculate the gain 

profile in real-time using the trained machine learning model and then feed the gain 

profile into the propagation method. Once the propagation method incorporates the 

accurate machine learning-based model, a more accurate power prediction can be 

implemented, and thus a more accurate QoT estimation can be realized. 

 

Figure 6.12 COSMOS optical network testbed connection diagram. 

Figure 6.12 shows the connection diagram of COSMOS testbed (introduced in 

Section 3.5). The optical transceiver sends and receives signal to and from ROADM 

1 (R1 in the figure) and ROADM 4 (R4 in the figure). The numbered marks (e.g. 

1.1.1-i in the figure) are the port number of a colorless space switch.  
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Figure 6.13 Gnpy simulation of signal transmission from R1 to R4 (one way 

transmission). 

For example, a signal can be sent from R1 through Spool 7, R2, Spool 3, R6, 

Spool 5, until R4. As an example of the QoT estimator enhanced by ML model, a 

simulation model in GNPy is built, shown in Figure 6.13. In this example, a one-

way signal is transmitted from R1 to R4 and the signal quality along the optical 

signal transmission link is shown in Figure 6.14 (GNPy enhanced HML model) and 

Figure 6.15 (original GNPy model). 
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Figure 6.14 GNPy model simulation result with an accurate wavelength 
dependent gain model applied (HML). 

Figure 6.14 shows the simulation result when HML model (introduced in 

Section 5.3) is applied to GNPy. Since the HML model has an accurate prediction 

of optical channel power, the variation of optical power in different optical channels 

can be accurately calculated, leading to a better prediction of QoT (in this case, the 

QoT is the gOSNR at the receiver side, which is shown in the item SNR total (signal 
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bw) in the figure). The signal power along the transmission link is also shown in 

the result (e.g. 6.01 dBm after the first EDFA, 0.13 dB after the second EDFA.). 

 

Figure 6.15 Simulation result from original GNPy model, without wavelength 
dependent gain prediction. 

As a comparison, Figure 6.15 shows the original simulation result from 

untouched GNPy model, which has no wavelength dependent gain prediction 
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(13.17 dB total SNR at transceiver R4). Since the channel gain model is simplified, 

the variation of optical channel power is not reflected in this model.  

In future study, a more comprehensive implementation is to be completed, which 

will have automated data capturing, ML model training and QoT modeling. Since 

the characterized parameters of network components may deviate from their actual 

value (e.g. the insertion loss of network components may not be accurately 

measured due to the limited accuracy of measurement device), further system 

calibration is required in order to get a stable QoT prediction that reflects the 

experimental results. 
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Chapter 7 Conclusion 
In the previous chapters, the evolution of optical transmission systems and 

optical networks were reviewed. The growing complexity of network topology and 

higher requirements in transmission performance motivates intelligent network 

control and management. To promote network scalability, disaggregation of optical 

systems, as a new concept, was discussed in this thesis. To address the complexity 

of signal quality (QoT) estimation in large optical networks, a novel machine 

learning-based network component modeling was proposed and implemented for 

EDFAs, which now incorporates wavelength-dependent gain prediction. 

Experimental results show the superior accuracy of the machine learning-based 

EDFA model in optical power prediction. The improved QoT estimation tool 

enhanced by the ML-based EDFA model was then proposed and discussed. 

In order to fully implement the machine learning enhanced QoT estimator, 

future research and further implementation work are required. First of all, the 

automation of the EDFA gain spectrum characterization/data capturing needs to be 

completed for the disaggregated network using the optical physical layer SDN 

controller. Then, the time and space complexity of the ML training process could 

be optimized, e.g., by optimized feature selection and transfer learning. Moreover, 

the enhanced QoT estimator based on GNPy needs to be fully implemented, 

including the rewriting of certain modules in the source code such as the class of 

optical amplifier, an optical transceiver, and per-channel signal quality calculation. 

Finally, the completed QoT estimator needs to be verified by experiment (e.g. 

COSMOS testbed) to evaluate the prediction accuracy compared to existing QoT 

estimators. Building on the foundational work in this thesis, such additional 

implementation would further clarify its application potential in practical networks. 

Much further research is needed related to this method here and new approaches to 
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understand the full benefit of machine learning in the control of disaggregated 

optical systems. 
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