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Abstract 

The continuous growth of Internet traffic, including HD video rendering, cloud computing, and 

the Internet of things (IoT), motivates more efficient optical communications capable of handling 

a wide range of applications. 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. While ROADMs are 

extensively deployed in today’s WDM systems, they remain quasi-static with wavelengths being 

provisioned to meet the peak traffic requirements and left in place. Recent advances in hardware 

and software greatly improve the multi-layer control and management of ROADM systems 

facilitating wavelength switching. However, ensuring stable performance and reliable quality of 

transmission (QoT) remain difficult problems for dynamic wavelength switching. A key challenge 

in converting today’s quasi-static ROADM systems into real-time wavelength routed ROADM 

systems is the optical power dynamics that arise from a variety of physical effects in the amplifiers 

and transmission fiber.  

In this dissertation, we first discuss the model of the power excursion due to interactions between 

the wavelength dependent gain and automatic gain control of optical amplifiers. The power 

excursion is the main manifestation of optical power dynamics. In order to offer rapid wavelength 

switching capabilities for dynamic ROADM transmission systems, different hardware and 

software methods are investigated to mitigate power excursions. First, a dual-wavelength source 

is implemented to distribute a single optical signal over two wavelengths—one with a high gain 

and the other with a low gain—to equalize the average gain and mitigate power excursions. Second, 

we investigate non-disruptive and proactive probe methods to predict a variety of physical 

parameters and thus recommend optimal wavelength assignments with minimal power excursions. 

Third, a deep neural network based machine learning method is investigated 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. 

Software-defined networking (SDN) is a key to providing software control capabilities that can 

be exploited to achieve real-time wavelength switching in large-scale multi-domain ROADM 

systems, but its scalability and flexibility are limited by various types of physical layer 
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impairments. In this dissertation, we investigate a transparent software-defined exchange (TSDX) 

control system to guarantee service level agreement (SLA) requirements for multi-domain optical 

systems in which optical signals can be exchanged between domains entirely in the optical layer 

through Internet exchange points (IXPs). Advanced optical performance monitors (OPM) are 

implemented for real-time introspection of the physical system at different network locations 

without the need for optical-to-electrical-to-optical (OEO) processing. Real-time optical signal to 

noise ratio (OSNRs) measurements using OPMs together with inter-domain negotiation enabled 

by the SDN-based hierarchical control architecture allow impairment-aware wavelength rerouting 

and code adaptation in our 6-ROADM multi-domain optical network testbed. 

 

 

 

 

 

 

 

  



22 
 

Chapter 1 Introduction 

1.1 Fiber-Optic Transmission: The History and Future Trend  

    Humans have a long history of exploring different ways of sending and receiving information 

around the world. In ancient times, people used auditory and visual methods of transmitting 

information over long distances—smoke signals, horns, drums, and pigeon posts, to mention but 

a few. The invention of electrical telegraphy in the 18th century marked a new era of 

telecommunications. Since then, telecommunications have broken away from the traditional 

auditory and visual methods, and have started to use electricity to transmit information over wired 

or wireless connections. In the 19th century, scientists also started to explore the use of light to 

transmit information. The invention of the photophone by A.G. Bell in 1880, was the forerunner 

of optical telecommunications. The photophone successfully transmitted voice over a beam of 

light between two buildings, about 213 meters apart. However, further research activities in optical 

telecommunications were quiet for approximately 70 years due to the difficulties in transmitting 

light over a long distance.  

With the continuous growth of the telephone and television traffic, fiber-optic transmission 

started to gain interest in the late 20th century due to its wide bandwidth compared with electrical 

transmission. Nevertheless, the transmission distance was seriously limited by the high attenuation 

of optical fibers. The first-generation optical fiber made by conventional glass had the attenuation 

of 1000 dB/km. As a result, only one ten-billionth part of the input light could reach the far end of 

a 100-meter-long fiber link, and such an optical fiber turned out to be impractical for long-distance 

transmission. A significant breakthrough for fiber-optic transmission was made in 1966 by Kao 

and Hockham, who pointed out that the attenuation could be greatly reduced to less than 20 dB/km 

by removing the impurities in Silica glass, and such fibers were successfully developed in 1970 by 

Corning Inc [1]. Then in 1978, a new-generation single-mode fiber (SMF) was made with 0.2 

dB/km attenuation at 1.55µm, which is typical of fibers in today’s fiber-optic transmission systems 

[2]. These developments made long-distance optical transmission practical and eventually resulted 

in new-generation commercial fiber-optic transmission systems at 2.5 Gbit/s with regenerator 

spacing of more than 100 km.  
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    Before the advent of optical amplifiers that simultaneously amplify multiple optical signals, 

electronic regenerators must be deployed at every several hundreds of kilometers for optical-to-

electrical-to-optical (OEO) regeneration. A regenerator consists of a receiver and transmitter that 

only process one signal at a time at a particular wavelength and a particular bit rate. Using 

electronic regenerators for every signal at every several hundreds of kilometers was not practical 

because it added substantial cost to fiber-optic transmission systems. In order to improve the cost 

efficiency, Erbium-doped optical amplifiers (EDFAs) were invented in the 1980’s to amplify 

optical signals directly in the optical domain. EDFAs could simultaneously amplify all optical 

signals regardless of the bit rate [3, 4]. As a result, wavelength division multiplexing (WDM) 

transmission systems took off and their data rate has dramatically improved over the past few 

decades. The world record line rate just exceeded 500 Mbits/s in 1991, but aggregate line rates of 

10 Tb/s and 14 Tb/s were reached in 2001 and 2006, respectively.  

    Since the 1980s, the telecommunication industry faced tremendous challenges due to the ever-

growing traffic load generated by Internet applications. As a result, fiber-optic transmission has 

largely replaced copper-wire-based electrical transmission in today’s world because of its lower 

attenuation and wider bandwidth. Figure 1.1 shows the evolution of the fiber link capacity since 

1980 [5]. The growth of the fiber link capacity was near-exponential with a 1.5-fold annual 

increase before 2010 because of the extensive deployment of SMFs, EDFAs, and WDM 

technologies [5, 6]. After 2010, the fiber link capacity continued to grow at a near-exponential rate 

with the technology advancements in coherent DWDM technologies with advanced modulation 

formats [7]. New signal shaping techniques, such as probabilistic shaping (PS) [8] and geometric 

shaping (GS) [9], have also been proposed to further increase the fiber link capacity. However, the 

fiber link capacity is not limitless because of the limitations on existing technologies. First, the 

fiber link capacity is limited by the gain bandwidth of commercial EDFAs, which is typically 35 

nm for the entire C-band (1530 nm-1565 nm). Recent research advances have developed new 

EDFAs to work in the L-band (1565 nm-1625 nm) [10] and Raman amplifiers to open up the S-

band (1460 nm-1530 nm) and the U-band (1625 nm-1675 nm) [11]. Nevertheless, amplification 

beyond the C-band represents a significant proportion of the overall system cost 
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Figure 1.1 The illustration of optical fiber link capacity as a function of the year. The optical fiber link capacity 
had a 1.5-fold annual increase since 1980 due to the development of various fiber-optic technologies (Original 
data from [5]).   

  

 

Figure 1.2 The capacity of a SMF link as a function of the year. The Shannon limit is being rapidly approached 
and results in capacity crunch by year 2020 (Original data from [14]). 
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because of the increased pump power due to high signal attenuation at other bands. Second, the 

fiber link capacity is also bounded by the Shannon channel capacity limit. The Shannon capacity 

limit is that the maximum capacity of a given channel is proportional to the channel’s signal to 

noise (SNR) ratio [12]. Current commercial fiber-optic transmission systems have started to 

approach this limit, resulting in a ‘capacity crunch’. The capacity crunch is anticipated to happen 

by 2020 when commercial SMF-based transmission systems are expected to reach the cap as 

shown in Figure 1.2 [14]. Recent work has explored space division multiplexing (SDM) techniques 

to bring a leap forward in spectral efficiency per fiber and avert the anticipated capacity crunch by 

employing innovative forms of optical fiber such as few-mode fiber [15] and multi-core fiber [16]. 

However, SDM techniques are probably impossible to replace SMF-based fiber-optic transmission 

systems in the short term because of additional manufacturing cost and incompatibility with the 

state of art of various key optical components such as EDFAs.       

    On the other hand, the continuous growth of Internet applications is rapidly increasing the 

capacity requirement of fiber-optic transmission systems [17] as illustrated in Figure 1.3. Figure 

1.3(a) shows that the projected global IP traffic will reach 3.34 zettabytes by 2021, and in which 

the consumer traffic will serve as a major part (2.79 zettabytes). The global IP traffic is expected 

to be four times as high as that in 2015 as illustrated in Figure 1.3(b). The future Internet traffic 

growth may even become faster for the next few decades with the extensive development of smart 

    

Figure 1.3 (a) Global IP traffic will reach 3.34 zettabytes by 2021, and the consumer IP traffic will occupy more 
than 80% of the total traffic (b) Traffic growth between 2016-2021 compared with the base traffic in 2015, showing 
a fourfold growth by 2021 (Original data from [17]). 
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cities and cloud computing. In order to address these challenges, innovations are needed in fiber-

optic transmission systems. 

1.2 The Basics of Fiber-Optic Transmission Systems  

In fiber-optic transmission systems, information is encoded into light (i.e., optical signal) at the 

transmitter, and the optical signal is transmitted from one end to the other end across multiple 

optical fiber spans and switching components, and finally the optical signal is decoded at the 

receiver. Legacy fiber-optic transmission systems largely deployed point-to-point fiber links to 

send optical signals for great distances as shown in Figure 1.4. Such legacy systems applied WDM 

technologies and consisted a number of transmitters with different wavelengths [18]. Distributed 

feedback (DFB) laser sources were widely used as optical carriers in legacy systems, and each 

laser source was separately modulated by an external Mach-Zehnder modulator (MZM). The 

typical wavelength data rate was 10 Gb/s (11.3 Gb/s if forward error correction (FEC) is included) 

with intensity modulation and direct detection (IM-DD) techniques. EDFAs were deployed at 

about every hundred kilometers to compensate for the signal attenuation, and optical cross-

connects (OXC) were used to switch optical signals. 

 

 

Figure 1.4 A legacy point-to-point fiber-optic transmission system. Wavelength division multiplexing (WDM) 
technologies are used to multiplex multiple optical signals with different wavelengths onto a single fiber link. 
Line amplifiers are used to directly amplify all optical signals in the optical domain (Original figure from [18]). 
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    Because of the ever-growing Internet traffic, today’s fiber-optic transmission systems have 

moved far beyond the simple point to point architecture and have been highly-meshed that form 

large networks with more than 2000 nodes. This scale will continue to increase as high bandwidth 

applications continue to grow at the edges of the network [19]. The old ways of designing fiber-

optic transmission systems, developed for point-to-point transmission have been stretched to their 

limits because of the lack of scalability, flexibility, and programmability. In order to deal with 

large-scale networks and tackle the complexity of the physical layer, it is essential to develop both 

hardware and software innovations to improve the system speed, capabilities, and scalability.  

1.2.1 Coherent Technologies   

    IM-DD was widely used in the 20th century because of its advantage that the receiver’s 

sensitivity is independent of the carrier phase and the state of polarization (SOP) of an optical 

signal, which can fluctuate randomly in transmission systems. However, with the ever-growing 

traffic demand, IM-DD is no longer suitable for use in today’s fiber-optic transmission systems 

due to its low spectral efficiency, since only the amplitude component of an optical signal is used 

for information encoding and decoding. Worse still, IM-DD at a higher date rate beyond 10 Gb/s 

is susceptible to fiber impairments, such as chromatic dispersion (CD) and polarization mode 

dispersion (PMD) [20]. To address these challenges, coherent technologies took off with the 

capability of offering higher spectral efficiency and better optical performance. In coherent 

transmission systems, the phase, the amplitude, and the SOP of an optical signal can all be used 

for information encoding and decoding, increasing the spectral efficiency. Additionally, advanced 

digital signal processing (DSP) algorithms for coherent detection is a linear process, and 

equalization algorithms can be employed to effectively compensate for physical layer impairments 

such as CD and PMD, eliminating the need for dispersion compensating fiber (DCF) or 

polarization-maintaining fiber (PMF) [21]. PMD varies on the order of a few kHz and CD varies 

even more slowly, which can be easily tracked by high-speed DSP algorithms [20]. Figure 1.5 

illustrates the schematic of the polarization-multiplexed quadrature phase shift keying (PM-QPSK) 

transmitter and receiver, which are widely used in today’s commercial coherent transmission 

systems for 100 Gb/s long-distance transmission. With the advancements of photonic integrated 

circuits (PIC), high-speed ADC/DAC, and narrow-linewidth lasers, advanced modulation formats 
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with higher spectral efficiency (e.g., 16QAM) and higher band rates are on the roadmap for 

efficient WDM transmission [22-24].  

1.2.2 Open Reconfigurable Optical Add-Drop Multiplexers 

    Reconfigurable optical add-drop multiplexers (ROADMs) are broadly deployed in today’s 

fiber-optic transmission systems to add the ability to switch optical signals at the wavelength layer. 

Wavelength switching is achieved through the use of wavelength selective switches (WSS) in the 

ROADM, allowing wavelengths to be added or dropped from a fiber link without the need of 

optical-to-electrical-to-optical (OEO) conversion [19]. New ROADMs are coming to the market 

for next-generation large-scale mesh networks and colorless, directionless, and contentionless 

(CDC) applications. For a CDC ROADM, every ROADM port is used for every wavelength that 

is added or dropped independently of what wavelengths are associated with other ports. Moreover, 

a CDC ROADM delivers ‘touchless’ provisioning capability that allows wavelength switching 

operation through automation without the need for manual intervention, thus saving on labor costs 

as well as the provisioning time [25-27]. An example of a 2-degree CDC ROADM consisting of 

four 1×2 WSSs is depicted in Figure 1.6.  

    ROADM systems today are proprietary systems built by specific hardware supplier with 

proprietary software for operation and management. Each time a network provider upgrades or 

changes to a new platform, it is necessary to test the new software and hardware integration. As a 

result, the whole process is time-consuming and costly, making the lifetime of traditional 

ROADMs long and reducing the evolution of new ROADM technologies. Additionally, traditional 
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ROADMs lack flexibility and still have many fixed internal connections, such as pre-defined 

wavelengths and physical ports. In order to catch up with the pace of innovation and competition, 

Open ROADMs have been proposed to overcome the challenges of today’s ROADM systems as 

mentioned above [28]. Open ROADMs open up traditional ROADM systems by enabling 

software-defined networking (SDN) for remote configuration through open interfaces without the 

need for human intervention [29]. Toward the open ROADM era, multi-source agreements (MSA) 

based on Netconfig/Yang interfaces have been proposed as common protocols for the remote 

configuration and management of ROADM components, including WSSs, variable optical 

attenuators, transceivers, and other pluggable optical modules [30].  

1.3 Key Requirements for Dynamic WDM Transmission Systems 

Worldwide cloud services, provided by companies such as Google, IBM, Microsoft, and 

Amazon, continues to experience rapid growth. These cloud service providers use geographically-

distributed cloud data centers to provide big data, big science, and cloud computing applications 

with improved end-to-end performance [31, 32]. Ever-growing high bandwidth applications 

between geographically-distributed datacenters (i.e., inter-data center applications), such as cloud 

computing and big data migration, impose the near-exponential increase of capacity requirement 

for fiber-optic transmission systems. Figure 1.7(a) illustrates the global data center traffic 

requirement with a compound annual growth rate (CAGR) of 26.8%, and the inter-data center 
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Figure 1.6 Architecture of a 2-degree CDC ROADM, consisting of four 1×2 wavelength selective switches 
(WSSs). 
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traffic grows much faster with a CAGR of 31.9%.  Due to the rapid increase of inter-data center 

traffic, global inter-data center traffic is projected to be threefold by 2020 as shown Figure 1.7(b) 

[33]. Moreover, inter-data center traffic is becoming increasingly bursty, with the amount of data 

transferred per flow for different applications ranging from several terabytes to petabytes due to 

the rising high-bandwidth but short-lived applications [31, 34]. The growing metro traffic is 

another contributor to the significant amount of bursty traffic. The traffic that originates from and 

terminates within the metro network is on the rise and grows more than two times faster than long-

haul traffic. In 2017, the amount of metro traffic has been three times that of the long-haul traffic-

c as shown in Figure 1.8 [35, 36]. The consequence of the bursty traffic is the increasing 

discrepancy between the amount of busy hour Internet traffic and the amount of average Internet 

traffic as shown in Figure 1.9. Busy hour Intenet traffic (i.e., the busiest 60-minute period in a day) 

grows much more rapidly than average Internet traffic and is projected to increase by a factor of 

4.5 between 2016 and 2021, with a 35% compound annual growth rate (CAGR) [34].  

The continuous growth of bursty traffic motivates more efficient and application-aware 

capabilities. Dynamic WDM transmission systems in which resources are allocated with real-time 

wavelength switching have long been studied as a means of achieving greater scalability, 

increasing the network resource utilization, and reducing the energy [37]. However, traditional 

         

Figure 1.7 Global data center traffic increases with a near-exponential rate. (a) Global data center traffic will reach 
15 zettabytes by 2020, with a 26.8% compound annual growth rate (CAGR) (b) Inter-data center traffic is 
increasing much faster (31.9% CAGR) than intra-data center traffic (26.8% CAGR) and data center to user traffic 
(%24.0 CAGR) (Original data from [33]). 
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commercial WDM transmission systems remain quasi-static, with wavelengths being provisioned 

only once to meet the peak traffic requirements of busy hour traffic and left in place, and as a result 

waste a majority of resources and energy most of the time [38]. While ROADM nodes are 

extensively deployed in today’s WDM systems, they are mainly used for flexible wavelength 

provisioning without real-time switching functionality. Software-defined networking (SDN) 

potentially provides software control capabilities that might be exploited to achieve real-time 

                  

(a)                                                                                                (b) 

Figure 1.8  (a) Metro traffic surpassed long-haul traffic in 2017 (b) The metro traffic increases much faster than 
the backbone (long-haul) traffic (data adapted from [36]). 

 

 

Figure 1.9 The datacenter traffic as a function of the year. The busy hour Internet traffic will be six times of 
average Internet traffic by 2021 due to the rising high-bandwidth but short-lived applications (Original data from 
[34]). 
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switching, but its scalability and flexibility are limited by the complexity of various types of 

physical layer impairments (PLI). Optical power dynamics are the most critical hurdle to be 

addressed, causing channel powers to deviate from pre-allocated system margins and resulting in 

service disruption during wavelength switching operation [39, 40]. In today’s commercial quasi-

static WDM systems, optical power dynamics are tackled by time-consuming power adjustments 

each optical signal along its optical path [41]. In order to realize dynamic WDM transmission 

systems that be rapidly controlled in response to changing traffic patterns, innovations in both 

hardware and control planes should be developed to mitigate optical power dynamics in 

wavelength switching operation. 

1.3.1 Rapid Wavelength Switching 

    Recent work has extensively studied high-speed advanced modulation formats to transmit high-

data-rate applications in WDM transmission systems. However, optical signals with high data rates 

have stricter quality of transmission (QoT) requirements, and it is important to operate each optical 

signal near its optimal power [42]. A high optical signal power leads to excessive fiber optical 

nonlinearity based impairments but a low optical signal power leads to optical signal to noise ratio 

(OSNR) reductions, both of which result in QoT reduction and bit error rate (BER) increase.  In 

traditional quasi-static systems, it takes hours or even days to set up a new optical signal with 

careful power adjustment on each ROADM node along the signal lightpath. On the other hand, a 

dynamic optical network should achieve rapid wavelength switching on the order of seconds or 

even faster corresponding to the changing network traffic patterns. The rapid wavelength switching 

capability imposes three key challenges: (i) fast hardware actuation, including WSSs, variable 

optical attenuators (VOA), optical channel monitors (OCM), etc., (ii) fast software control for 

wavelength switching operation, and (iii) non-disruptive wavelength switching operation that the 

operation does not disrupt the performance of surviving channels (i.e., the lit channels in a system). 

Modern ROADM devices allow wavelength switching at the speed of tens to hundreds of 

milliseconds; therefore, the hardware configuration speed is no longer a bottleneck [43].  The speed 

of software control is challenging in regard to rapid wavelength switching, and there has been 

significant work on SDN control architectures to allow dynamic wavelength switching within 10 

seconds. However, such work has yet to be implemented at scale in large-area commercial systems, 

and the impact of optical power dynamics has yet to be addressed [44-47]. Thus, the main 
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challenge to achieving rapid wavelength switching is the mitigation of optical power dynamics 

mitigation, and we will discuss different hardware and software solutions in this dissertation.   

The optical power dynamics in WDM transmission systems are the time-varying power 

fluctuations due to various types of PLIs, including (i) power dynamics in optical amplifiers, 

including power excursions, transient effects, spectral hold burning, etc., (ii) power dynamics in 

transmission fiber, including stimulated Raman scattering, polarization dependent loss, 

wavelength dependent loss, etc., and (iii) device errors and inaccuracy. Among various types of 

power dynamics, power dynamics in optical amplifiers are most catastrophic and can easily result 

in service disruption in a large commercial system without proper power management. Such power 

dynamics have not been well addressed prior to the work here. Although the optical power 

dynamics due to uncontrolled or constant power controlled EDFAs have been dramatically 

reduced by using EDFAs with automatic gain control (AGC) [48], optical power dynamics still 

occur in EDFAs during wavelength switching operation and can grow in cascades. We identify 

two main types of wavelength dependent optical power dynamics—EDFA transient effects and 

optical power excursions. EDFA transient effects are fast power overshoots and undershoots that 

arise from sudden changes in input power due to wavelength switching operation or upstream fiber 

cuts, since all channels share the available gain provided by the pump power. An AGC EDFA 

implements a feedback control loop to maintain the average gain for all channels, which has a 

response time around 100 microseconds (µs) [49]. When the input power suddenly drops (e.g., a 

sudden upstream fiber cut), the output powers of surviving channels rise sharply, overshooting 

their original values. After that, the output powers of surviving channels start to oscillate above or 

below their original values for multiple cycles until the EDFA equilibrates. This transient process 

generally lasts several milliseconds to ~100 milliseconds, depending on the speed of the EDFA 

feedback control loop. On the other hand, if the input power suddenly increases, the same transient 

process occurs but in the opposite direction [49]. Figure 1.10(a) illustrates transient effects with a 

feedback control loop after a new wavelength is switched into the system, leading to a power 

fluctuation more than 1 dB. To suppress the transient effects, recent work has investigated a fast 

feedforward control loop to augment the feedback control loop to effectively and rapidly mitigates 

transient effects [49-51]. The feedforward control has the response time of 1 µs and can 
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immediately adjust the pump power based on a pre-defined relationship between the pump current 

and input power for a given target gain. Therefore, the feedforward control not only greatly reduces 

the amplitude of power over and undershoots due to transient effects, but also reduces the transient 

response time to less than 100 µs [49] as shown in Figure 1.10(b).  

After the transient effects have died off, long-lived optical power excursions that result from the 

interactions between the wavelength dependent gain of EDFAs and AGC in wavelength switching 

operations. Optical power excursions are persistent power differences on surviving channels after 

wavelength switching operation, leading to optical signal to noise ratio (OSNR) reduction or high 

optical nonlinearity based impairments. Optical power excursions can grow in magnitude over 

fiber spans and EDFAs in optical transmission systems, resulting in QoT reduction and service 

disruptions of surviving channels. 

In traditional ‘quasi-static’ optical networks, optical power excursions are mitigated by long-

time-scale power adjustments along the upstream link at wavelength selective switches (WSSs) or 

variable optical attenuators (VOAs) in the ROADM nodes [52]. In the power adjustment process, 

the network is difficult to keep stable, and the performance of surviving channels cannot be 

guaranteed, potentially impacting service level agreement (SLA) requirements. Figure 1.11 

illustrates the impact of different power tuning times for each ROADM on the total power 

     

Figure 1.10 (a) Transient response with pure feedback control loop. Long transient response time (> 6ms) and 
several overshoots and undershoots are observed (b) Transient response with the combination of feedforward and 
feedback control. Transient time is reduced to 100µs and no over or undershoots are observed. Notice that in both 
cases, the long-time-scale optical power excursion exists after the transient response. The optical power excursion 
results from the interactions between wavelength dependent gain and the AGC of EDFAs. 

. 
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adjustment delays as a function of ROADM hop counts [53]. Note that the calculated delay does 

not consider the power adjustment induced power excursions or optical power excursion 

propagation in a loop [54]. In commercial WDM transmission systems, power adjustments after a 

wavelength switching operation usually take minutes or even hours. The record wavelength 

switching time is two minutes for a single 400 Gb/s wavelength channel over a long-distance link 

[50]. Recent work has investigated parallel power adjustments, which simultaneously adjust the 

VOAs or WSSs in all ROADM nodes. Parallel adjustments greatly reduce the total adjustment 

delay, at the risk of causing network instability. Figure 1.12 shows the optical power excursions 

for parallel WSS adjustments in a 3-ROADM network [55]. The initial optical power excursion 

due to wavelength switching operation is small (< ±1.0 dB), but consequent parallel power 

adjustments do not correct these power excursions and even increase power excursions up to ±5 

dB. To resolve the instability of parallel power adjustments, methods were developed in which 

parallel power adjustments are restricted from conditions for which interactions and instability can 

occur [55,56]. However, these approaches still require serial control along the provisioning 

lightpath, limiting the switching times. 

Dynamic optical networks that can configure wavelengths within seconds or even hundreds of 

milliseconds in response to changing bursty traffic conditions motivate the development of new 

 

Figure 1.11 Sequential power adjustment delay versus ROADM node hop count, considering the channel 
monitoring time tn and power adjustment time te (assume te = 2×tn) [48]. This delay assumes an ideal situation 
which ignores (i) second order optical power excursions (i.e., power adjustments themselves change the EDFA 
input conditions, therefore lead to additional optical power excursions); (ii) Optical power excursion propagation 
that passes from channel to channel [53]. 
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power adjustment methods. In this dissertation, three approaches are presented to mitigate power 

excursions to offer rapid wavelength switching capabilities to WDM transmission systems.  

1.3.2 Impairment-Aware Transparent Inter-domain Exchange 

    When an optical signal propagates over fiber links and optical components, it encounters various 

types of linear and nonlinear physical layer impairments (PLI) which influence the signal power, 

as well as its temporal, spectral, and polarization properties [57]. An optical signal often spans 

over several network domains (a network domain is a subnetwork under the control of a private 

operator) with sole or separate network operators, and each network operator may have different 

criteria for service level agreement (SLA) guarantees, introducing extra operational complexity. 

Inter-domain Internet exchange points (IXPs) are intersection nodes where multiple networks 

merge to exchange information. IXPs are located at central offices (COs) and use border gateway 

protocol (BGP) to exchange layer 3 (IP layer) routing configurations to exchange routing and 

reachability information. Software-defined Internet exchange (SDX) approaches have been 

proposed to solve the long-standing problem of inter-domain routing and enable control flexibility 

in layer-3 networks [58, 59]. However, signals must go through optical-to-electrical-to-optical 

(OEO) processing at the inter-domain IXPs to provide SLA guarantees, generating additional 

signal processing delay and energy consumption. 

      On the other hand, ever-growing bursty applications, including cloud services and HD video 

rendering motivate transparent inter-domain Internet exchange entirely in the optical layer. 

                
(a)                                                                                                                           (b) 

Figure 1.12 Figure 1.12 (a) 3-ROADM network setup to study the parallel power adjustments (b) Optical power 
excursions increase for parallel WSS adjustments on all three nodes [55]. 
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Keeping signals entirely in the optical domain not only reduces the traffic latency and energy cost 

but also provides security and privacy as the data is not processed in the digital domain. However, 

the SLA guarantee that is ensured by OEO processing in the digital domain no longer exists, which 

motivates the development of new techniques which can provide real-time SLA monitoring in the 

optical domain [60]. Such SLA management must use the physical layer information of optical 

signals, and as a result, knowledge about the state of the physical layer information in real-time is 

key to achieving transparent inter-domain exchanges. Traditional commercial systems utilize 

offline quality of transmission (QoT) models to estimate network performance and allocate 

margins at the network planning phase [61, 62]. However, real-time physical layer information 

cannot be extrapolated from QoT models because of unpredictable and varying impairments such 

as optical power dynamics, polarization dependent loss (PDL), system aging, temperature change, 

etc. In order to realize transparent inter-domain Internet exchange, the physical layer must be 

continuously monitored, and new control mechanisms are required to perform impairment-aware 

negotiations between different domains based on the requirement of SLA. Advanced optical 

performance monitors (OPM) have been investigated as an enabling technology for providing real-

time physical layer information [63-65]. Recent work has studied SDN-based cross-layer 

communication, which allows PLI exchange between the physical layer and the application layer 

for traffic engineering decisions [66-69]. While much progress has been made on impairment-

aware routing in a single-domain network, SDN-enabled control methods with SLA guarantees in 

multi-domain transmission systems have not been addressed. 

1.4 Overview of the Dissertation 

    In this chapter, I provided an introduction to fiber-optic transmission systems and discussed 

important metrics for realizing dynamic optical transmission systems. The remainder of the 

dissertation focuses on the realization of dynamic optical transmission systems, including (i) rapid 

wavelength switching by mitigating power excursions, (ii) impairment-aware transparent inter-

domain exchange with the aid of real-time OSNR monitoring and the transparent software-defined 

exchange control system.  

In Chapter 2, I go over the basics of power excursions. Mathematical formulations are developed 

to explore the relation between the power excursions and QoT metrics, including OSNR and bit 

error rate (BER). In Chapter 3, a dual-wavelength source based wavelength switching method is 
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discussed in detail. By adjusting the duty ratio of the two wavelengths of a dual-wavelength source, 

rapid wavelength switching can be achieved while maintaining minimal power excursions on 

surviving channels. This approach is experimentally verified in a multi-hop optical transmission 

system with 100 Gb/s PM-QPSK WDM signals. Second, novel probe methods are discussed in 

Chapter 4. Based on the probe information, the gain and power profile of a WDM transmission 

system are predicted with high accuracy, and optimal wavelengths can be recommended and 

switched on with minimal power excursions. In chapter 5, I present a deep neural network based 

machine learning approach for wavelength switching, which is able to recommend wavelength 

assignments with minimal power excursions based on data collection and training. Finally, the 

work to progress the transparent inter-domain Internet exchange is detailed in chapter 6. A 

transparent software-defined exchange (TSDX) system is experimentally investigated with real-

time impairment-aware SLA) guarantees for multi-domain optical networks. A hierarchical SDN 

control architecture is implemented to support end-to-end, impairment-aware wavelength 

provisioning. Optical performance monitoring (OPM) based OSNR monitors are deployed to 

provide the SDN control architecture with real-time OSNR information in multi-domain coherent 

transmission systems. Details of the experiment, including the SDN control system architecture, 

control signaling process, protocol extensions, and experimental testbed are discussed in this 

chapter. The experimental results of impairment-aware re-routing and impairment-aware adaptive 

coding are discussed in the chapter.  
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Chapter 2 Power Excursions in Dynamic Transmission Systems                

Optical signal powers in a transmission system need to be maintained within a certain range to 

meet the OSNR requirements (lower bound) and minimize fiber nonlinear impairments (upper 

bound). On the other hand, power excursions associated with wavelength switching operation 

cause persistent optical power differences on channels, and as a result, cause channels throughout 

the spectrum to deviate from the required power range, potentially resulting in service disruptions 

[70]. Power excursions occur in automatic gain controlled (AGC) optical amplifiers, because AGC 

algorithms do not take into account the wavelength dependent gain arising from the gain ripple 

and tilt [54]. Therefore, a change of input configuration into an optical amplifier can change the 

gain and thereby the output power of all channels. Here, we consider an example of power 

excursions as shown in Figure 2.1, which illustrates a channel provisioning scenario with an AGC 

Erbium-doped fiber amplifier (EDFA) operated at 20-dB target average gain. Initially, a single 

channel with the wavelength λs is the only input into the EDFA as shown in Figure 2.1(a). The 

curve in Figure 2.1(a) represents the EDFA wavelength dependent gain spectrum, and the gain of 

λs (solid blue arrow) is equal to 20-dB. Figure 2.1(b) shows that the power excursion occurred on 

λs, after a new channel with the same input power but with a different wavelength λn is added. Since 

   

Figure 2.1 Wavelength switching operation changes the input configuration into the EDFA and introduces power 
excursions to the surviving channels. (a) Before wavelength switching, the gain of the surviving channel is equal 
to the EDFA target average gain (b) Positive power excursions occur after the new channel with a lower gain is 
added. After AGC gain adjustment, the average gain of the two channels is equal to the EDFA target average gain.  
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the new channel at λn has a lower gain than the surviving channel at λs, the EDFA monitors doubled 

total input power but less than doubled total output power. Before the AGC algorithm responds, 

the average gain of the two channels is at 19.66 dB, owing to the lower gain of λn. In order to 

maintain the 20-dB target average gain, the AGC algorithm adjusts the pump such that both 

channel gains are increased by 0.34 dB (shown as dashed arrows), resulting in a +0.34 dB power 

excursion on both the surviving channel λs and the new channel λn. The reverse process happens 

for a channel drop operation. If λn is dropped, λs undergoes a -0.34 dB power excursion. The sign 

and the size of the power excursions in a transmission system depend on various factors, including 

the gain ripple and tilt of the EDFA, the number of surviving channels, the wavelengths of 

surviving channels, the wavelengths of the new channels, etc. Effects such as spectral hole burning 

(SHB) in the short wavelength range and stimulated Raman scattering (SRS) in transmission fiber 

can further contribute to the complexity of power excursion estimation [71, 72]. Power excursions 

 

Figure 2.2 Illustration of the gain ripple and tilt of channel j. The blue curve shows the EDFA gain spectrum with 
a 20-dB target mean gain. The brown line shows the least-square-fitted lines of the gain spectrum, which is used 
to quantify the tilt.  
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are particularly detrimental in metro-area networks, where a large number of optical amplifiers are 

deployed to compensate for the transmission loss of multiple ROADM nodes, and power 

excursions can grow in magnitude over multiple amplifiers [73]. A 15 dB power excursion has 

been observed in recirculating loop based experiments with a 2240km total distance [52]. Thus, 

the ability to mitigate these power excursions without the need of long power scale power 

adjustment, is key to achieving rapid wavelength switching in dynamic optical transmission 

systems.  

The wavelength dependent gain of an optical amplifier (e.g., EDFA) at wavelength j can be 

expressed as the product of the target average gain GT, the tilt tj, and the gain ripple gj. The tilt is 

defined as the peak-to-peak gain difference of a least-square-fitted line between the lowest 

wavelength to wavelength j. The gain ripple of wavelength j is the residual gain offset between the 

target gain and the least-squared-fitted line endpoint at wavelength j as illustrated in Figure 2.2. 

Mathematical formulations are derived to generalize the power excursion estimation and 

investigate its impact on the transmission performance. For an AGC EDFA, the ratio of the total 

output power to the total input power needs to be maintained. By neglecting the ASE noise gain 

ripple and tilt, the following condition should be satisfied for the AGC EDFA [73]:   
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    Pot denotes the total output power of the EDFA. GT is the target average gain of the EDFA. Pij 

is the optical signal input power at wavelength j. Nit is the total ASE noise input to the amplifier. 

Nc is the noise correction term, taking into account the EDFA ASE noise [74]. M is the number of 

channels input to the EDFA. f is the size of power excursion on surviving channels. Net is the input 

referred ASE noise generated by the EDFA. Note that the correction factor Nc is often used to 

maintain constant signal gain. By neglecting the noise gain ripple and tilt, the noise correction 

factor can be approximated as: 

                                   c et no opN N h NF B                       (2-3) 
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h is the Planck’s constant. ν is the central wavelength frequency. NFno is the noise figure of the 

EDFA. Bop is the bandwidth of the EDFA full signal band. The power excursion f can be 

determined by combining Eq. (2-1)-Eq. (2-3): 
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                                  10( ) ( ) 10log ( )f dB P dB f                                                 (2-5) 

The power excursion f depends directly on the channel input power, noise level, gain ripple, and 

tilt. Note that P and ( )P dB  only take into account the power changes due to power excursions. 

In general, the actual power changes will have other contributions such as polarization dependent 

loss effects. Two rules can be concluded from Eq. (2-4) and Eq. (2-5) to quantify power excursions: 

(i) The sign of power excursions is determined by the average gain of channels before and after 

wavelength switching (but before the completion of AGC gain adjustment). If the average gain 

before wavelength switching is larger than that after wavelength switching (e.g., a low-gain new 

wavelength is switched), positive power excursions occur. Vice versa, a smaller average gain 

before wavelength switching results in negative power excursions; (ii) The amplitude of power 

excursions depends on the ratio of the number of channels before wavelength switching to the 

number of channels after wavelength switching (but before the completion of AGC gain 

adjustment). A smaller ratio leads to larger power excursions, and vice versa. Eq. (2-4) is the key 

equation that will be used later in Chapter 3 and Chapter 4 for the mathematical derivation of dual-

wavelength source based wavelength switching and probe technologies.  

In metro-scale transmission systems, an optical signal propagates over multiple EDFAs along a 

path. Thus, the cumulative power excursions may potentially disrupt the transmission performance 

of surviving channels, due to the OSNR degradation for negative power excursions or high 

nonlinear effects for positive power excursions. In the remainder of this chapter, we will derive 

the relation between OSNR degradation and the power excursions. The theoretical analysis of the 

relation between fiber nonlinearity based impairments and power excursions is beyond the scope 

of the dissertation, but later experiments have shown that positive power excursions increase the 

surviving channel’s bit error rate (BER) due to high fiber nonlinearity based impairments. 
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Given:  

0:jP  : Transmitter signal power at wavelength j 

0jN  : Transmitter noise power at wavelength j 

0jOSNR : Initial OSNR at the transmitter of wavelength j  

jkP  :  Signal power input to kth EDFA  

jkN  : Noise power input to kth EDFA  

TkG :  The target average gain of kth EDFA  

kNF : Nosie figure of kth EDFA 

jkG : Gain of wavelength j for kth EDFA  

,s jkOSNR : OSNR of wavelength j at kth EDFA stage 

jkOSNR : OSNR of wavelength j at kth span 

kA  : Span attenuation, including the loss of transmission fiber and ROADM node 

:kN : ASE noise generated by EDFA at wavelength j                    

B  : Noise reference bandwidth for OSNR calculation, which is 12.5 GHz 

m : Number of cascade EDFAs of a signal path 

kf  : Power excursion generated by kth EDFA. For simplicity, we assume the power excursion is 

the same for all channels. 

0 0 01, 1, 1j j jG L F   : Dummy parameters for the initial stage. 

 

First, the received OSNR of wavelength j in a transmission system (see Figure 2.3) can be 

calculated by a reciprocal method [75]: 
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Figure 2.3 A multi-stage amplified DWDM system. The OSNR of wavelength j at the kth span, OSNRj,k, depends 
on the initial OSNR of wavelength j, OSNRj0, and OSNR at each EDFA stage, OSNRj,sk.  
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The OSNR at each EDFA stage can be calculated by the following equation: 
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By combing Eq. (2-6) and Eq. (2-7), the OSNR of wavelength j at mth span can be written as: 
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The wavelength dependent gain of channel j at kth amplifier, jkG , can be written by the 

multiplication of the target average gain, the gain ripple jkg , and tilt jkt of channel j: 

                                              jk Tk jk jkG G g t                                                                       (2-9) 

Assuming that all EDFAs have same characteristics, all fiber spans have the same loss, and each 

amplifier experiences the same power excursion (without considering the high-order power 

excursion due to EDFA tilt change [54]), the following conditions are satisfied:  

                                              1 2 mNF NF NF NF                                                          (2-10) 

                                  1 2T T m TG G GT G                                                             (2-11) 
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                                 1 2 mf f f f                                                                        (2-15) 

We further assume that the target average gain just compensates for the span loss, so the following 

condition is also satisfied: 

                                             1TG A                                                                                           (2-16) 

By combining Eq. (2-8)-Eq. (2-16), the OSNR of wavelength j at mth span can be expressed as: 
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Eq. (2-17) can be simplified by summing the geometric series: 
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According to Eq. (2-18), the OSNR of wavelength j at mth span directly depends on the product 

of gain ripple gj, tilt tj, and power excursion f. Note that the power excursion f is also a function of 

the gain ripple gj and tilt tj as shown in Eq. (2-4). Let’s first consider the signal’s transmission 

performance due to the gain ripple and tilt. Figure 2.4(a) simulates the OSNR performance of 

wavelength j with different gain ripple and tilt, and Figure 2.4(b) shows the Q-factor as a function 

of the OSNR. A small signal gain (i.e., gjtj < 1) leads to OSNR degradations and a large signal gain 

(i.e., gjtj > 1) increases fiber nonlinear impairments, both of which result in BER increase. To 

maintain channel OSNR and launch power within a certain range, the wavelength dependent gain 

ripple and tilt is often pre-compensated by the variable optical attenuators (VOA) at each ROADM 

node when the transmission system is first installed. With pre-compensation, Eq. (2-18) can be 

simplified as follows:  
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Even after the gain ripple and tilt has been compensated at the system installation stage, the gain 

ripple and tilt induced power excursion f still occurs during wavelength reconfiguration operation 

as derived in Eq. (2-4), thus leading to OSNR degradation as derived in Eq. (2-19). Figure 2.5(a) 

shows the channel OSNR before and after wavelength switching operation, with different power 

excursion levels per span. It is seen that with a -1 dB power excursion per span (i.e., -10 dB 

accumulated power excursion), the OSNR degradation starts small, but can grow in cascade by 

more than 5 dB. Figure 2.5(b) depicts the BER performance of a 200 Gb/s PM-16QAM 

transmission system. With a -1 dB power excursion per span, the BER of the surviving channel 

jumps from 10-5 to 10-2.  

 

  

(2-18) 

(2-19) 
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Figure 2.4 (a) OSNR vs. the number of cascaded EDFAs with different wavelength dependent gain ripple gj and 

tilt tj. The transmitter OSNR is set at 50 dB. The launch power is 0 dBm per-channel. Each EDFA has the same 
wavelength dependent gain spectrum with the target mean gain of 20 dB and 6 dB noise figure (b) Q-factor vs. 
OSNR for a 4-span QPSK transmission system. In the linear regime, the OSNR is low and the system performance 
is mainly impacted by ASE noise. In the nonlinear regime, the system performance is limited by nonlinear impacts 
due to a high launch power. 
 

       

Figure 2.5 (a) Channel OSNR degradation after wavelength switching due to the resulting power excursion f at 
each EDFA. The accumulated OSNR degradation after 10 EDFAs is 5.5 dB, 2.5 dB, and 0.9 dB for f = -1.0 dB, f 
= -0.5 dB, f = -0.2 dB, respectively (b) BER variation of a 200 Gb/s PM-16QAM transmission system caused by 
power excursions. A -1 dB power excursion per span can cause BER change from 10-5 to 10-2 in a 10-span 
transmission system. 
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  Previous results show that power excursions can acutely impair the OSNR and BER of surviving 

channels so that power adjustment must be associated with wavelength switching operation. 

Traditional power adjustment involves repetitive small-step power adjustment processes, and each 

power adjustment process includes (i) power adjustment of the wavelengths being added or 

dropped, (ii) power measurement of the surviving channels, (iii) necessary power adjustment of 

the surviving channels to ensure power and OSNR within pre-allocated margins, if the size of 

power excursion exceeds a pre-defined threshold. For a new channel being added, its power is 

gradually increased with small power increments until it reaches the target power. After each small 

power increment, the power of surviving channels in the system must be examined. If the power 

of surviving channels is beyond a pre-defined threshold, the surviving channels must be adjusted 

before further incrementing the power of the new channel. The similar power adjustment process 

is required for wavelength drop operation, but the power of the dropping channel is repetitively 

decreased with small power decrements until it is completely turned off. Unfortunately, the 

channel being added or dropped cannot transmit error-free during power adjustment, once its 

power is beyond a certain power range considering the OSNR and fiber nonlinearity limitations. 

The total wavelength switching latency in either adding or dropping a channel can be expressed as 

the sum of the tuning delay associated with power excursion mitigation in each power adjustment 

process. The delay in each power adjustment process further depends on the number of ROADM 

        

Figure 2.6 Repetitive power adjustment process in a 10-span transmission system. A new channel j with a 0.6 dB 
higher gain (i.e., gjtj = 0.6 dB) than the surviving channel is added. (a) The power excursion of the surviving 
channel. The power adjustment threshold is -0.5 dB. 6 power adjustments on the surviving channel is needed to 
ensure power level within margins (b) The power of new channel during incremental power adjustment process.  
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nodes, the size of power excursions, the ROADM configuration speed. Thus, The total power 

adjustment latency for wavelength switching operation can be expressed as [53]: 

                                         /l m v p p p refT Mt Mt N M t N P P                          (2-20) 

Nv and Np denote the number of ROADM nodes that need be monitored and adjusted. M denotes 

the number of repetitive power adjustment processes of the wavelength being added or dropped. 

Mp is the number of required power adjustment processes of surviving channels. Note that Mp is 

less than M because the power adjustment of surviving channels is not needed for each power 

adjustment process of the wavelength being added or dropped. tl, tm, and tp denote the power tuning 

time of the wavelength being added or dropped, power monitoring time on surviving channels, 

and power adjustment time on surviving channels, respectively, for each power adjustment process. 

Finally, ΔP is the size of the power excursion required to be compensated, and ΔPref is the size of 

the power excursion that can be compensated in a single operation. Figure 2.6 illustrates the power 

excursion on a surviving channel and the power of the new channel being added in a 10-span 

transmission system (Nv=Np=10). A new channel with wavelength j is added with 0.6 dB higher 

gain (i.e., tjgj = 0.6 dB) than the surviving channel, resulting in a -3.86 dB power excursion without 

power adjustment. The power adjustment threshold of the surviving channel is set to -0.5 dB, 

which means that the power of the surviving channel is adjusted back to the optimal power when 

the monitored power excursion falls below -0.5 dB. tl=1s, tm=0.05s, and tp = 0.3s are used in this 

simulation, and we assume ΔP=ΔPref which means that that the power excursion can be corrected 

by a single operation for each repetitive adjustment process. The power excursion on the surviving 

channel ΔP during repetitive power adjustment processes is calculated using Eq. (2-4). For this 

simulation, 17 repetitive power adjustment processes (M=17) are required for the new channel 

being added, and 6 power adjustments (MP = 6) are needed for the surviving channel. The total 

wavelength switching latency is about 38 seconds. Note that in practical systems, the total power 

excursion might be much larger, especially when a super channel is switched on that can cause 

larger power excursions. In that case, ROADM nodes may require smaller power adjustments for 

each adjustment process to ensure the system stability and a larger wavelength switching latency 

is expected.  

Such a lengthy power adjustment process works well in today’s quasi-static transmission 

systems, where the wavelength switching frequency is every a few days and even every a few 

months. However, the long wavelength switching time imposes a main obstacle to dynamic 
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transmission systems, which require channels to be configured within seconds in response to the 

bursty or service driven traffic requirements. Therefore, it is critical to develop new techniques to 

manage power excursions in a swift manner to enable rapid wavelength switching operation, which 

is a key to dynamic optical transmission systems. 
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Chapter 3 Fast Tunable Dual-Wavelength Source Based Rapid 

Wavelength Switching 

3.1 Introduction 

    From the transmission perspective, fast tunable sources have been widely investigated to push 

the limits of fast switching in coherent DWDM transmission systems [76-79]. A digital supermode 

distributed Bragg reflector (SG-DBR) laser was used as a local oscillator (LO) in a coherent 

receiver in a 112 Gb/s PM-QPSK back-to-back system. The SG-DBR laser was able to switch to 

any one of 24-channels in less than 130 ns, enabling the dynamic reception of 5 μs optical bursts 

of different wavelengths [77]. A tunable sampled grating distributed Bragg reflector (SG-DBR) 

laser based coherent transmitter was demonstrated for burst switching operation in [78]. The 

switching recovery time for 10.7 Gb/s NRZ-OOK, 10.7 Gb/s DPSK and 21.4 Gb/s DQPSK was 

measured to be 4 ns, 7 ns, and 40 ns, for respectively. Due to the fast burst switching recovery 

time, fast tunable sources are expected to play a key role for dynamic wavelength switching for 

next-generation optical transmission systems [79]. 

By distributing a fast tunable source over two or more wavelengths with different wavelength 

dependent gains, the power excursions associated with wavelength switching operation can be 

mitigated. Proof-of-concept experiments have shown to minimize the power excursions on 

surviving channels to 0.1 dB in a single-hop DWDM system consisting of 3 cascaded EDFAs [80]. 

However, the data transmission performance in a multi-hop ROADM transmission system with 

dynamic wavelength switching has yet to be explored. In this chapter, we extend the previous work 

in [81,82] with (1) additional transmission performance analysis of different dual-wavelength 

sources, (2) further performance evaluation of the dual-wavelength source based wavelength 

switching approach for power excursion mitigation, and (3) strategies in migrating dual-

wavelength channels to single-wavelength channels, improving the network spectral efficiency. 

The transmission overhead, OSNR, and BER of dual-wavelength channels are experimentally 

evaluated under different corner cases. The power excursion mitigation using dual-wavelength 

sources is investigated under different channel loadings. Finally, the trade-off between the power 

excursion mitigation with dual-wavelength sources and the spectral efficiency reduction is 

addressed. A small-step dwell time ratio adjustment method is experimentally demonstrated to 
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migrate dual-wavelength channels to single-wavelength channels, improving the spectral 

efficiency. Additionally, the wavelength switching strategy with the combination of dual-

wavelength sources and single wavelength sources is experimentally investigated. The results 

show that in a heavily loaded transmission system with frequent wavelength switching operation, 

single-wavelength sources can replace dual-wavelength sources to maximize the spectral 

utilization.  

3.2 Dual-Wavelength Source Based Wavelength Switching Scheme  

    In Chapter 2, we derived the equation (4) to calculate the power excursion f: 
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 (From Eq. (2-4) in Chapter 2) 

Eq. (3-1) can be rewritten by separating the new channels being added or dropped from the 

surviving channels: 
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                                                  (3-3) 

M and M' denote the number of surviving channels and the number of channels being added or 

dropped (e.g., M'=1 for a single-channel operation). Ak indicates the corresponding action of 

channel k, which is equal to 1 for a channel add operation and -1 for a channel drop operation. In 

order to explain Eq. (3-2) and Eq. (3-3), we identify two EDFA operation states—(i) stable state: 

AGC condition is maintained and the channel average gain is equal to the EDFA target average 

gain as described by Eq. (3-3), and (ii) tuning state: the channel average gain is below or above 

the EDFA target average gain, and the power of all channels needs to be tuned to reach the stable 

state, resulting in the power excursion f in Eq. (3-2). The total tuning delay at the tuning state 
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depends on the response time of the AGC control loop and the number of EDFAs along the signal 

lightpath but is usually on the order of milliseconds [48]. On the other hand, the frequency of 

wavelength switch operation is usually on the order of seconds in dynamic transmission systems. 

Therefore, we can assume that the EDFA tuning state only occurs and finishes instantly right after 

the wavelength switching operation is executed, and the EDFA is at a stable state either before or 

after the completion of the wavelength switching operation. The power excursion on surviving 

channels f results from the tuning state is quantified by Eq. (3-2). By combining Eq. (3-2) and Eq. 

(3-3), the power excursion on surviving channels can be expressed as: 
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(wavelength switching operation including multiple wavelengths) 
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(wavelength switching operation including a single wavelength) 
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C is the total power input of surviving channels into the EDFA (which is a constant for a given 

channel loading), including the total input ASE noise Nit and the noise correction term Nc. The sign 

of the power excursion depends on the relative relation between the constant C, the total input 

power change due to wavelength switching 
'

1

M

k ik
k

A P

 , and the net total input power change 

considering the gain ripple and tilt 
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 . Taking for example the single-channel wavelength 

switching operation as shown in Eq. (3-5), when a channel with a higher gain is added (i.e., Ak=1 
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and gktk>1) or a channel with a lower gain is dropped (i.e., Ak=-1 and gktk<1), negative power 

excursions occur on surviving channels. In contrast, positive power excursions occur if a channel 

with a lower gain is added (i.e., Ak=1 and gktk<1) or a channel with a higher gain is dropped (i.e., 

Ak=-1 and gktk>1). Using Eq. (3-4), such rules can be generalized to more comprehensive 

wavelength switching operation that multiple channels are added or dropped simultaneously.  

    Figure 3.1(a) and Figure 3.1(b) illustrates the power excursion on a surviving channel associated 

with wavelength switching operation that a new channel is added. Before wavelength switching, a 

  

      

Figure 3.1 (a) Adding λ2 results in a 0.25 dB power excursion (dashed arrow) on the surviving channel λ1 (b) Adding 
λ3 leads to a -0.3-dB power excursion (dashed arrow) on the surviving channel λ1 (c) Two optimal channel locations 
can be found to add new channels without generating power excursions (d) A new channel is added using both λ2, 
λ3 with Pλ2/Pλ3 = 0.89. 
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single surviving channel at λ1 is operated with a target average gain of 18.5 dB, and the EDFA 

operates at the stable state (with a gain spectrum shown as the dashed curve in Figure 3.1(a)). Later, 

wavelength switching occurs that a new channel at λ2 is added into the EDFA. The average gain is 

now at 18.3 dB owing to the lower gain of the new channel (i.e., 18.0 dB at λ2). Thus, the EDFA 

enters into the tuning state, and the AGC adjusts the pump power so that both channel gains are 

increased by 0.25 dB as depicted by dash arrows in Figure 3.1(b), resulting in 0.25 dB power 

excursions on both channels. After the wavelength switching operation, the EDFA reaches to a 

new stable state with a new gain spectrum shown as the dashed curve as shown in Figure 3.1(b). 

To minimize the power excursion (i.e., ΔP=1 or ΔP(dB) = 0 dB) due to wavelength switching 

operation, according to Eq. (3-4)-Eq. (3-6), the wavelength λ0 of a new channel must satisfy: 
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    For the EDFA gain spectrum depicted in Figure 3.1, two optimal wavelength locations can be 

found to add a new channel without generating power excursions on the surviving channel as 

shown in Figure 3.1(c). Nevertheless, after both optimal wavelength locations have been occupied, 

adding new channels inevitably cause power excursions. Even worse, such optimal wavelength 

locations may not exist, particularly when an EDFA is set to a negative tilt to compensate for 

stimulated Raman scattering (SRS) effects in transmission fiber. 

    Instead of adding a new channel using a single-wavelength static laser source, a static dual-

wavelength channel consisting of two static laser sources can be added at the same time to 

minimize the power excursion. This strategy can be explained by re-writing Eq. (3-4): 
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                      (3-9) 

Pλ2 and Pλ3 denote the input power of two static laser sources at λ2 and λ3 respectively. gλ2 and tλ2 

denote the gain ripple and tilt of λ2. gλ3 and tλ3 denote the gain ripple and tilt of λ3. In order to 
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minimize the power excursion on surviving channels (i.e., ΔP=1 or ΔP(dB) = 0 dB), the following 

condition needs to be satisfied: 

                                           2 3
2 2 2 3 3 3

2 2 2 3 3 3

1 (1 ) ( 1)
C P P

P t g P t g
C P t g P t g

 
     

     

 
    

 
   (3-10) 

Since the input power Pλ2 and Pλ3  can be relatively adjusted,  a solution pair of Pλ2, Pλ3  exists as 

long as 2 2(1 )t g   and 3 3( 1)t g    has the same sign and the following conditions are satisfied: 

                                              2 2 3 3 3 3 2 2( 1 1) ( 1 1)t g t g t g t g                             (3-11) 

Therefore, the requirement of the two static laser sources is that one wavelength has a higher gain 

than the target average gain, and the other wavelength has a lower gain than the target average 

gain. Figure 3.1(d) shows that the power excursion is nulled by adding a dual-wavelength channel 

consisting of two static laser sources at λ2 and λ3. Note that the minimal power excursion is also 

guaranteed when the dual-wavelength channel is dropped, because the channel drop operation is 

the inverse process of the channel add operation. 

    Although static dual-wavelength sources minimize the power excursion, changing the relative 

powers of the pair of wavelengths can impact the transmission performance of the dual-wavelength 

channel. Moreover, using two wavelengths doubles the number of components, but only one laser 

is actually needed to transmit the data. A more flexible solution is to use a fast tunable dual-

wavelength source. Using a fast tunable dual-wavelength source, a single optical signal can be 

distributed between two wavelengths at a predetermined tuning period. If the tuning period is 

shorter than the EDFA response time, the EDFA perceives the tuning signal as two separate and 

constant signals. The response time of the EDFA AGC control loop is on the order of hundreds of 

microseconds [48]; therefore, a tuning period of 20 µs is sufficient. Figure 3.2 illustrates the power 

excursion on the surviving channel (λ1) and a dual-wavelength channel (tuned between λ2 and λ3) 

with different tuning periods, after the dual-wavelength channel is added into an EDFA. The 

EDFA target average gain is set to 18 dB, and the gain of λ1, λ2, and λ3 is 18 dB, 20 dB, and 15 dB, 

respectively. The input peak power of all three wavelengths is set to -18 dBm. If the dual-

wavelength channel is introduced to the EDFA with a long tuning period (e.g., 200 µs), the power 

excursion occurs on both the surviving channel and the dual-wavelength channel due to transient 

effects as shown in Figure 3.2(a)-(b). With a short tuning period (e.g., 20 μs), the EDFA perceives 

the dual-wavelength channel as two static channels and no transient effects are observed. Moreover, 
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the power excursion resulted from the two wavelengths of the dual-wavelength source—one with 

a high gain and the other with a low gain—is canceled out as shown in Figure 3.2(c) and Figure 

3.2(d). 

    The basics of power excursion mitigation by appropriately selecting a pair of wavelengths and 

optimizing the dwell time ratio can be explained by the modification of Eq. (3-10): 

               2 2 3 3
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Figure 3.2 EDFA output power captured by an oscilloscope. (a) The fast tunable laser is tuned between λ2 and λ3 

with a tuning period of 200µs (b) The output power of the surviving channel λ1 fluctuates due to the power 
excursion (c) The fast tunable laser is tuned between λ2 and λ3 with a tuning period of 20 µs. (d) The output power 
of the surviving channel λ1 is stable. 
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2 3 1R R                                                                     (3-13)                               

    The main difference of Eq. (3-12) from Eq. (3-10) is the addition of the adjustable dwell time 

ratio, Rλ2 and Rλ3. Therefore, rather than adjusting the peak power of each wavelength (i.e., Pλ2 and 

Pλ3), the dwell time ratio of each wavelength can be adjusted to minimize the power excursion. 

Using fast tunable dual-wavelength sources have several advantages. First, the transmission 

performance of a dual-wavelength channel can be guaranteed, since the peak powers of the two 

wavelengths can be appropriately pre-adjusted to the optimal levels. Second, the dwell time ratio 

of the two wavelengths can be adjusted in nanosecond speed to balance the power excursions, 

reducing the latency of wavelength switching operation. Third, the energy efficiency is doubled 

compared with using two static laser sources, since both wavelengths are utilized to transmit data. 

A fast tunable dual-wavelength source can be implemented either using a transmitter with a fast 

tunable laser source or using two slow tunable laser sources coupled into a fast 2×1 optical switch. 

In the remainder of the dissertation, if not specified, dual-wavelength sources are referred as fast 

tunable dual-wavelength sources. For comparison, a single-wavelength source is designated to a 

conventional single-wavelength static laser source. 

3.3 Experimental Setup 

    A metro-scale multi-hop ROADM transmission system is built to study the efficiency of the 

proposed fast tunable dual-wavelength techniques for rapid wavelength switching. The 

experimental setup is illustrated in Figure 3.3.  The diagram of the transmitter is depicted in Figure 

3.3(b). The transmitter includes two types of fast tunable dual-wavelength sources—a nanosecond 

tuning speed sampled grating distributed Bragg reflector (SG-DBR) laser and a pair of integrable 

tunable laser assembly (ITLA) lasers coupled by a nanosecond tuning speed 2×1 optical space 

switch. The SG-DBR laser can access any of 80 wavelengths over the 50-GHz spaced c-band grid 

with a tuning speed of tens of nanoseconds. The 2×1 optical space switch is able to tune between 

a pair of c-band wavelengths with a 30-ns tuning speed. Since the tuning speed of both sources is 

much faster than the EDFA response, both sources can be used as fast tunable dual-wavelength 

sources and their transmission performance will be evaluated in the next section. In order to 

investigate the power excursion mitigation with different channel loadings, a 90-channel WDM 

comb source with spacing of 50 GHz is used to bring up different channel loadings. This setup 
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allows various channel loadings to be tested, and the corner case and average performance is 

analyzed.  Moreover, the 90-channel DWDM comb source is also used to generate multiple static 

dual-wavelength sources which the relative powers are adjusted corresponding to the fast tunable 

dual-wavelength sources. Note that using static dual-wavelength sources and fast tunable dual-

wavelength sources make no differences on the power excursion mitigation of surviving channels. 

All laser sources are combined and selected by a 4×1 wavelength selective switch (WSS). The 

composite source is fed into an I/Q modulator that is modulated by 25 GBaud PM-QPSK signals. 

The 50 Gb/s QPSK signals are then sent into a polarization multiplexing module (split and combine 

signals with 258 symbol delays), generating 100 Gb/s PM-QPSK signals. The transmitter output 

is split and sent into different ROADM nodes of the ROADM system to create different channel 

loadings. 

    The metro-scale ROADM system diagram is shown in Figure 3.3(a). The link includes five 

ROADMs and four standard single-mode fiber (SSMF) spans with various lengths totaling 265km. 

Two dual-stage AGC EDFAs with an 18-dB target average gain are deployed in each span, and a 

VOA is implemented and adjusted to the required span loss. Each ROADM consists of multiple 

WSSs to support both add and drop functionality. Each ROADM is also equipped with per-channel 

VOAs and optical channel monitoring (OCM) modules, giving the capabilities of per-channel 

power adjustment and monitoring of add, drop, and through channels.  
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Figure 3.3 Experimental setup to study rapid wavelength switching in dynamic transmission systems. (a) ROADM 
system setup (b)100 Gb/s PM-QPSK transmitter, including both dual-wavelength and single-wavelength sources 
(c) 100 Gb/s PM-QPSK coherent receiver. 
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The receiver setup using coherent detection is shown in Figure 3.3(c). A broadband amplified 

spontaneous emission (ASE) noise generator is introduced to measure the BER for different OSNR 

values. A tunable bandpass filter (TBPF) selects the PM-QPSK signal of interest for BER 

measurement. The signal of interest is mixed with a c-band tunable ITLA based LO. The two 

polarizations states, and the in-phase (I) and quadrature (Q) components of each polarization state 

are separated by a polarization beam splitter (PBS) and two 90° optical hybrids. Each signal 

component is then converted to electrical current by four 28 GBaud balanced photodetectors. 

Finally, the signals are digitalized by a digital phosphor oscilloscope (DPO) with 100GSa/s 

sampling rate, and the digital signals are decoded by offline digital signal processing (DSP) 

algorithms. 

The initial configuration of the metro-scale multi-hop transmission system is depicted as follows. 

The target average gain of dual-stage EDFAs is set to 18 dB. The first EDFA of each transmission 

span is used to compensate for the ROADM loss. The second EDFA of each transmission span is 

used to compensate for the loss of the transmission fiber. The VOA between two EDFAs is used 

to increase the loss of transmission fiber to 18 dB. Figure 3.4 shows the wavelength dependent 

gain spectrum of two EDFAs of the first span. The first EDFA is set with a -0.4 dB tilt to 

compensate for the SRS effect in the transmission fiber. The tilt of the second amplifier is set to 

1.0 dB to study the power excursion effect. The EDFAs of the other three spans have similar 

settings and thus have similar gain spectra.  

 

           

Figure 3.4 Wavelength dependent gain spectrum of two EDFAs in the first span. (a) The first EDFA (b) The second 
EDFA. 
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    In order to pre-compensate for the EDFA gain ripple and tilt, the VOA attenuation values of 

each ROADM node are set to ensure 0 dBm launch power per-channel with 90-channel DWDM 

input (i.e., 19.5 dBm total launch power). These attenuation values are stored as a reference for 

any newly added channel. Note that although the power divergence due to the EDFA gain ripple 

and tilt is pre-compensated, the power excursion still occurs due to wavelength switching operation.  

The remainder of the chapter is organized as follows. The transmission performance of both 

types of tunable dual-wavelength sources (i.e., an SG-DBR laser and a pair of ITLA coupled with 

a 1x2 optical space switch) are evaluated in Section 3.4, in which the transmission overhead, power 

excursion, OSNR, and BER are analyzed under several corner. In Section 3.5, dual-wavelength 

based rapid wavelength switching is evaluated under different channel loadings. Experimental 

results show that fast tunable dual-wavelength source based wavelength switching operation not 

only minimizes the power excursions on surviving channels but also switches wavelengths so 

rapidly and non-disruptively. Finally, the trade-off between wavelength switching latency and 

spectral efficiency has been discussed, and we proposed two approaches in order to maintain the 

spectral efficiency. In Section 3.6, a small-step dwell time ratio adjustment method is proposed for 

dual-wavelength sources. This adjustment approach repetitively reduces the dwell time ratio of 

one wavelength and increases the dwell time ratio of the other wavelength in small steps, until 

only one wavelength occupies the full dwell time ratio. After the adjustment has completed, the 

dual-wavelength source is fully migrated to a single-wavelength source, thus frees up more 

available wavelengths and improves the spectral efficiency. In Section 3.7, a wavelength switching 

strategy that combines dual-wavelength sources and single-wavelength sources has been 

experimentally investigated. The strategy with mixed dual-wavelength and single-wavelength 

sources achieves better spectral utilization while ensuring power excursions on surviving channels 

within pre-allocated margins.  

3.4  System Transmission Performance Using Dual-Wavelength Sources 

3.4.1 Transmission Performance of Dual-Wavelength Sources 

The transmission performance of two types of dual-wavelength sources—the nanosecond 

tunable SG-DBR laser (i.e., fast tunable laser based dual-wavelength source) and two slow tunable 

ITLAs coupled by a 2×1 nanosecond speed optical space switch (i.e., fast switch based dual-
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wavelength source)—is evaluated using 100 Gb/s PM-QPSK signals as shown in Figure 3.5. 

Offline DSP algorithms are performed on 1 million symbols to calculate the BER of the channel 

at 1550.00 nm. The DSP algorithms include resampling, chromatic dispersion compensation [83], 

channel equalization using constant modulus algorithm (CMA) [84], frequency offset 

compensation using Mth-order power schemes [85], and carrier phase recovery using Mth-order 

power schemes [86]. The SG-DBR laser gives worse BER performance with a 2 dB OSNR penalty 

compared with the ITLA as shown in Figure 3.5(a), which could be explained by its higher phase 

noise due to the wider linewidth (~1 MHz) than that of the ITLA (~10 KHz) as shown in Figure 

 

        

Figure 3.5 (a) BER vs. OSNR of 100 Gb/s PM-QPSK after 4-span transmission. The SG-DBR has worse BER 
performance potentially due to higher phase noise (b) SG-DBR power spectral densities under different modes (c) 
Power spectral densities of ITLA. 
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3.5(b) and Figure 3.5(c). Note that the excessive phase noise of SG-DBR lasers could be potentially 

mitigated using specialized carrier phase recovery in DSP algorithms [87]. On the other side, 

although the fast switch based dual-wavelength source performs better, it uses discrete components 

and might increase the total hardware cost. Note that it’s beyond the scope of this dissertation to 

perform an economic analysis of these dual-wavelength sources. In the following sections, the 

performance evaluation is performed on the fast switch based dual-wavelength source. 

     

Figure 3.6 Both wavelengths of the dual-wavelength source have around 32 ns transition time (a) The BER of 1530.7 
nm during a tuning event (b) The BER of 1563.1 nm during a tuning event. 

 

         

Figure 3.7 (a) Captured dual-wavelength signal power at the receiver. The duration of peaks and valleys is 160 ns 
due to the propagation delay (b) Propagation delay per kilometer vs. the wavelength difference of a dual-wavelength 
signal. 
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Nevertheless, both types of dual-wavelength sources support rapid wavelength switching 

operation while minimizing power excursions of surviving channels. 

In order to characterize the transmission performance of the dual-wavelength source, the BER 

of each wavelength should be separately measured. Therefore, a fast tunable LO is needed to tune 

between the two wavelengths to measure the real-time BER of each wavelength, which has been 

investigated in previous work [78]. In our experiment, offline DSP algorithms are developed to 

measure the average BER of each wavelength over three consecutive periods, by tuning the LO to 

one of the two wavelengths at a time. Figure 3.6(a) and Figure 3.6(b) illustrates the offline BER 

measurement of 1530.7 nm and 1563.1 nm over one 20-μs tuning period with an equal dwell time 

ratio (i.e., 10-µs burst for each wavelength over a single tuning period). The measured switching 

transition time is about 32 nanoseconds for both wavelengths, accounting for a 0.32% transmission 

overhead for a 10-µs burst.  

    The optical signals’ propagation speed depends on their wavelengths’ effective refractive 

indices in the transmission fiber. As a result, there is a propagation delay between two different 

wavelengths of a dual-wavelength source at the receiver. The propagation delay can be measured 

by reading the power of the dual-wavelength signal at the receiver. The power of a dual-

wavelength signal at the receiver is illustrated in Figure 3.7(a), when the dual-wavelength source 

is tune between 1530.7 nm and 1563.1 nm with a 20-μs tuning period. Peaks and valleys with 140-

µs durations are observed in each tuning period, corresponding to a 140-μs propagation delay and 

accounting for a 1.4% overhead. The propagation delay of a dual-wavelength source can be written 

as: 

                                                     
( 1) ( 2)eff effLn Ln

t
c

 
                                       (3-14) 

L denotes the link distance. c denotes the light of speed in vacuum. neff(λ1) and neff(λ2) denote the 

effective refractive index of λ1 and λ2 of a dual-wavelength source. Eq. (3-14) can be simplified 

to Eq. (3-15): 

                                                      t LD                                                                      (3-15) 

Δλ is the wavelength difference of the dual-wavelength source, and D is the group delay dispersion 

parameter at (λ1+λ2)/2. The group delay dispersion parameter varies from different fiber types, 

and is about 17ps/(nm·km) at 1550nm for standard single-mode fiber (SSMF). Therefore, the 

propagation delay of a dual-wavelength source can be estimated using Eq. (3-15), given the 
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wavelength locations of the dual-wavelength source, the fiber type, and the link distance. Figure 

3.7(b) illustrates the calculations and measurements of the dual-wavelength signal’s propagation 

delay in SSMF with different wavelength locations. The calculations fit well to the experimental 

measuring, indication that we are able to estimate and set the required overhead using Eq. (3-15) 

before the actual measurement. The full C-band range covers about 35 nm (1530 nm-1565 nm), 

corresponding to the maximum propagation delay per kilometer of 0.6ns/km. A metro-scale 

network typically covers an area of between 20 km and 175 km diameter, and as a result, the 

maximum propagation delay in a large metro network is about 105 ns. This propagation delay 

accounts for an additional 1% transmission overhead with a 20-μs tuning period (which is still 

much faster than the EDFA response time). The capacity loss due to the transmission overhead is 

acceptable since dual-wavelength sources enable rapid wavelength switching operation on the 

order of seconds and even hundreds of milliseconds to increase the overall network capacity. Note 

that the transmission overhead can be minimized if dispersion shifted fibers or dispersion 

compensation fibers are used in the transmission system. 

3.4.2 Transmission Performance of Surviving Channels 

In order to evaluate several corner cases with the largest power excursions, the transmission 

performance of a single surviving channel is measured when the surviving channel moves from 

1535.1 nm to 1559.1 nm. The power excursion, OSNR and BER of the surviving channel after 

wavelength switching operation using a dual-wavelength source is measured. The results are also 

compared with using a conventional single-wavelength source for wavelength switching. Figure 

3.8(a) illustrates the power excursion on the surviving channel at different wavelengths, when a 

conventional single-wavelength channel at 1530.7 nm or at 1563.1 nm is added into the system. 

Adding a single-wavelength channel at 1530.7 nm results in a positive power excursion but adding 

a single-wavelength channel at 1563.1 nm leads to a negative power excursion. The experimental 

results indicate that EDFAs have a positive tilt matching for the measured gain profile in Figure 

3.4(b). Figure 3.8(a) also illustrates the power excursion on the surviving channel when a dual-

wavelength source based channel is added to the transmission system. A dual-wavelength source 

is tuned between 1530.7 nm and 1563.1 nm with a 20-μs tuning period and with an equivalent 

dwell time ratio. Such a dual-wavelength channel effectively reduces the power excursion, but still 

leaves a 0.5-dB power excursion in the worst case. In order to minimize the power excursion, the 
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dwell time ratio of the two wavelengths should be optimized to satisfy Eq. (3-10). In this 

experiment, a larger dwell time ratio is assigned to the wavelength of 1563.1 nm, because it leads 

to less power excursion effect than the wavelength of 1530.7 nm. With the optimal dwell time 

ratio, the measured power excursion on the surviving channel is reduced to less than ±0.2 dB for 

all surviving channel locations. Note that additional tuning time is required for the dwell time ratio 

adjustment to converge to the optimal dwell time ratio, which is measured to be 50 ms-150 ms in 

the experiment The OSNR and BER of the surviving channel after wavelength switching operation 

is measured and illustrated in Figure 3.7(b). While adding a new channel with a conventional 

single-wavelength source increases the surviving channel’s BER by a factor of three and decrease 

the surviving channel’s OSNR to 13.4 dB, using a dual-wavelength source can effectively maintain 

the surviving channel’s OSNR above 14.5 dB and BER below 2.5×10-3. 

3.5 Dual-Wavelength Source Based Rapid Wavelength Switching 

The previous section validates the transmission performance of both the dual-wavelength 

channel and the surviving channel under several corner cases. The dual-wavelength channel can 

be provisioned into the transmission system so rapidly with a maximum latency of 150ms, without 

disrupting the performance of the surviving channel. The power excursion on the surviving 

       

Figure 3.8 (a) Adding a dual-wavelength signal with an optimal dwell time ratio minimizes the power excursion of 
the surviving channel (b) Adding a dual-wavelength signal maintains the BER and OSNR of the surviving channel. 
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channel is minimized to less than 0.2 dB, and the BER and OSNR of the surviving channel are 

maintained after wavelength switching.  

Dynamic metro-scale multi-hop ROADM systems motivate rapid wavelength switching in 

response to changing traffic channel configuration. Frequent wavelength switching operation can 

occur and channel add/drop might be deployed with different lightpath. In this section, power 

excursion mitigation in a metro-scale multi-hop ROADM system with different lightpath is 

investigated. Figure 3.9 illustrates a wavelength switching scenario and shows the complexity of 

power excursion mitigation in the multi-hop ROADM system. There is one surviving channel at 

λ1=1541.1 nm with a lightpath from ROADM1 to ROADM3 and the other surviving channel at 

λ2=1557.0 nm with a lightpath from ROADM3 to ROADM5. At some point, wavelength 

switching occurs that a new channel is going to be added with the lightpath from ROADM1 to 

ROADM5. A dual-wavelength source can be used to reduce the power excursion. However, λ1 

and λ2 have different gain ripple and tilt as illustrated in Figure 3.4, and as a result, the power 

excursion due to the presence of these two wavelengths cannot be simultaneously minimized by 

the dual-wavelength source. Figure 3.9(b) shows the power excursions on λ1 and λ2, when a dual-

wavelength source is tuned between 1530.7 nm and 1563.1nm with different dwell time ratios. It 

is seen that λ1 and λ2 have different power excursion response as the dwell time ratio varies. The 

power excursion on channel λ1 is minimized to 0.1 dB, with the 80:20 dwell time ratio for 1530.7 

nm and 1563.1 nm. However, with the optimal dwell time ratio for channel λ1, the power excursion 

on channel λ2 is 0.8 dB. On the other hand, if the power excursion on channel λ2 is minimized to 

0 dB with the 30:70 dwell time ratio for 1530.7 nm and 1563.1 nm, the power excursion on channel 

λ1 is -0.6 dB. In order to maintain the network reliability, the power of all surviving channels 

should be maintained within pre-allocated margins, rather than improving the performance of some 

channels by sacrificing the performance of others. Therefore, the optimal dwell time ratio should 

be adjusted to minimize the maximum absolute power excursion of all surviving channels. In this 

scenario, the optimal dwell time ratio is 50:50 for 1530.7 nm and 1563.1 nm, minimizing the 

maximum absolute power excursion to 0.3 dB. 

    We first investigate the power excursion mitigation of surviving channels under different initial 

channel loadings. The performance of dual-wavelength source based wavelength switching is 

measured and compared with that of conventional single-wavelength source based wavelength 

switching, under four specific initial channel loadings. Second, the power excursion mitigation 
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with dual-wavelength sources is evaluated over 100 random channel loadings, following different 

channel loading plans. The resulting cumulative distribution function (CDF) is generated to 

analyze the power excursion mitigation under different channel loading plans. Note that multiple 

dual-wavelength sources are needed to simultaneously provision multiple channels. Since the 

transmission performance of fast tunable dual-wavelength sources—either a fast tunable laser 

based dual-wavelength source—has been validated in Section 3.5, we only focus on the power 

excursion mitigation in this section. Thus, multiple dual-wavelength sources are generated by 

selecting different pairs of wavelengths using the 90-channel comb source, for which the relative 
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Figure 3.9 (a) Two surviving channels with different wavelengths (1541.1 nm and 1557.0 nm) and different lightpath 
(b) Power excursions of two surviving channels as a function of dwell time ratio. 
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powers are adjusted corresponding to the dwell time ratio of the fast tunable dual-wavelength 

sources. The experimental results will not be affected since these static dual-wavelength sources 

lead to the same power excursion effect (which occurs over long time scales) as the fast tunable 

dual-wavelength sources. 
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Figure 3.10 Four different initial channel loadings to study the power excursion mitigation using dual-wavelength 
sources. Seven surviving channels with different lightpath are loaded to model the case of an initially lightly loaded 
system. (a) small-hop-count channel dominated with uniform wavelength distributions (b) large-hop-count channel 
dominated with uniform wavelength distributions (c) large-hop-count channel dominated with central wavelength 
distributions (d) large-hop-count channel dominated with right wavelength distributions. 

 



69 
 

    Seven surviving channels with different lightpaths are loaded to model the case of an initially 

lightly loaded system. Four different channel loadings are evaluated and illustrated in Figure 

3.10(a)-Figure 3.10(d): (1) small-hop-count channel (average hop count=1.3) with uniform 

wavelength distribution, (2) large-hop-count channel (average hop count=2.8) with uniform 

wavelength distribution, (3) large-hop-count channel dominated by central wavelengths, and (4) 

large-hop-count channel dominated by long wavelengths. The maximum absolute power excursion 

of seven surviving channels is measured after a different number of new channels is added into the 

system at a time. The measurements using dual-wavelength sources are then compared with the 

measurements using conventional single-wavelength sources. For conventional single-wavelength 

sources, new channels are added with four different wavelength assignment algorithms, including 

(1) leftmost: the shortest available wavelength is selected, (2) rightmost: the longest available 

wavelength is selected, (3) centermost: the most centered available wavelength is selected, and (4) 

random: the wavelength is randomly selected from all available wavelengths. For the dual-

wavelength source, a multi-region wavelength assignment algorithm is implemented to 

appropriately choose a pair of wavelengths. Recall Eq. (3-3) that the average gain of all surviving 

channels is always equal to the EDFA target average gain at the stable state. As a result, a dual-

wavelength source is possible to reduce the power excursion if the following conditions are 

satisfied—the gain of one wavelength is lower than the target average gain, and the gain of the 

other wavelength is higher than the target average gain. Due to the fact that the EDFA gain 

spectrum is a slowly varying function, a probe signal can be used to sample the gain spectrum and 

reconstruct the full gain spectrum. Using a probe signal for EDFA gain spectrum measurement 

and power excursion estimation will be discussed in Chapter 4. With the knowledge of the EDFA 

gain spectrum, the cumulative EDFA gain spectrum can be sliced into multiple regions for 

assigning wavelengths of dual-wavelength sources. For example, the gain spectrum shown in 

Figure 3.11(a) is sliced into four regions. Wavelength belonged to region 1 or region 3 have a 

higher gain than the target average gain (i.e., high-gain region), and wavelengths belonged to 

region 2 or region 4 have a lower gain than the target average gain (i.e., low-gain region). The 

multi-region wavelength assignment algorithm picks one wavelength from the high-gain region 

and the other wavelength from the low-gain region, forming a pair of wavelengths for a dual-

wavelength source.  Note that the number of sections may vary with the shape of each EDFA gain 

spectrum. If each EDFA has a different gain spectrum, the cumulative gain spectrum might contain 
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Figure 3.11 Cumulative gain spectrum can be measured by using weak-power probe sampling. (a) Cumulative 
EDFA gain spectrum that is split into multiple sections based on the target mean gain (b) Accumulative EDFA gain 
spectrum in the experiment. The gain spectrum is monotonically increasing, and as a result the bi-region wavelength 
assignment algorithm is used to choose the wavelengths of a dual-wavelength source. 
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more frequency components, leading to a higher number of sections. In this experiment, the 

cumulative gain spectrum mainly depends on the second EDFA of each transmission span. 

Because each EDFA has a similar gain spectrum that is monotonically increasing (See figure 

3.4(b)), the cumulative gain spectrum is also monotonically increasing, resulting in only two-

regions of the cumulative EDFA gain spectrum. Figure 3.11(b) illustrates the cumulative EDFA 

gain spectrum after 4 transmission spans with a DWDM input. The cumulative gain spectrum is 

split into two regions—the low-gain region from 1529.2 nm to 1544.6 nm and the high-gain region 

from 1545.0 nm to 1565.1 nm. Therefore, the bi-region wavelength assignment algorithm is used 

for the experiment. The wavelengths of dual-wavelength sources are selected from these two 

sections using a first-fit algorithm. The shortest available wavelength is picked from the low-gain 

region and the longest available wavelength is selected from the high-gain regain to form the dual-

wavelength source. Note that after all the wavelengths of either region have been used up, no more 

valid dual-wavelength sources can be formed up for power excursion mitigation and only 

conventional single-wavelength sources will be used instead. Also note that the number of valid 

dual-wavelength sources depends on the size of the region with a smallest number of wavelengths. 

Moreover, the number of wavelengths in each region largely depends on the initial channel 

loadings. As a result, the initial channel loading can have a big impact on the power excursion 

mitigation using dual-wavelength sources. 

Two tuning methodologies of the dwell time ratio—blind tuning and optimal tuning—are 

evaluated in the experiment. For the blind tuning method, a dual-wavelength channel is always 

added with the 50:50 dwell time ratio. For the optimal tuning method, the dwell time ratio is 

repetitively tuned according to the measured power excursions of surviving channels. The 

optimized dwell time ratio is adjusted to ensure that the maximum absolute power excursion of 

surviving channels is minimized. Although the optimal tuning method effective minimizes the 

power excursion at the cost of longer wavelength switching time due to additional tuning time. 

The amount of additional tuning time for each dwell-time ratio adjustment depends on the 

measurement speed of OCMs and the actuation speed of WSSs, which combined are about 50 

milliseconds in the experiment. At most three adjustments are needed to converge on the optimal 

dwell time ratio and therefore the total additional tuning time for each dual-wavelength channel is 

in the range of 50 ms-150 ms. 
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    Figure 3.12 illustrates the maximum absolute power excursion of surviving channels after 

wavelength switching operation using dual-wavelength sources and conventional single-

wavelength sources, respectively, as a function of the number of new channels (i.e., 1 to 37) added 

at a time. Using conventional single-wavelength source can result in more than 6-dB maximum 

absolute power excursions while using dual-wavelength sources with the blind tuning method 

effectively reduces the maximum absolute power excursion below 1.5 dB. The optimal tuning 

method further minimizes the maximum absolute power excursion to less than 0.4 dB. Note that 

in order to add multiple channels, the optimal tuning method requires sequential dwell time ratio 

       

     

Figure 3.12 Comparisons of dual-wavelength sources and conventional single-wavelength sources under different 
initial channel loadings. (a) small-hop-count channel dominated with uniform wavelength distributions (b) large-
hop-count channel dominated with uniform wavelength distributions (c) large-hop-count channel dominated with 
central wavelength distributions (d) large-hop-count channel dominated with right wavelength distributions. 
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adjustment for each dual-wavelength channel being added. In this experiment, the optimal tuning 

method takes 4.8 s longer than the blind tuning method for switching on 37 new channels. Parallel 

dwell time ratio adjustment of multiple channels is a possible solution to reduce the time, as long 

as the power excursion of surviving channels is within the pre-allocated margins. However, the 

power excursion may never converge since parallel adjustment can lead to power instabilities as 

explained in Section 1.3. Thus, the choice of the blind tuning method or the optimal tuning method 

should depend on the specialized requirement of the transmission system.  

The results also indicate that the power excursion mitigation varies from different initial channel 

loadings. First, the channel hop-count does not impact the power excursion mitigation, although 

larger power excursions are expected to occur with more cascading EDFAs. Second, the 

wavelength distribution of surviving channels has a big impact on the excursion mitigation. The 

center distribution outperforms both the uniform distribution and the right distribution. In order to 

ensure such observed relations not arise from special channel loadings, cumulative distribution 

functions (CDF) are generated from power excursion measurements over 100 random channel 

loadings following six different channel loading plans. A channel loading plan has a specific 

distribution of the number of surviving channels, the wavelength distribution of surviving channels, 

and the average channel hop count. For each random channel loading, the maximum absolute 

power excursion is measured with different numbers of dual-wavelength channels (i.e., 1 to 30) 

being added at a time (i.e., 3000 power excursion measurements for each channel loading plan) 

using the optimal tuning method. ±1.5 dB and ±0.5 dB power excursion margins are identified in 

this experiment to quantify the power excursion under different channel loading plans for normal 

channels and quality-sensitive channels, respectively, corresponding to the pre-FEC BER level of 

1×10-2 and 3×10-3. Figure 3.13 shows the CDF of six different channel loading plans: (1) small-

hop-count channel dominated with sparse and central wavelength distributions, (2) large-hop-

count channel dominated with sparse and central wavelength distributions, (3) small-hop-count 

channel dominated with sparse and uniform wavelength distributions, (4) small-hop-count channel 

dominated with sparse and right wavelength distributions, (5) small-hop-count channel dominated 

with dense and central wavelength distributions, and (6) small-hop-count channel dominated with 

dense and central wavelength distributions. The different distributions are illustrated in Figure 

3.13(a). For the case of the short-hop-count, the average hop count for all measured surviving 

channels is 1.4, whereas the average hop count is 2.6 for the case of the large-hop-count. For the 
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sparse wavelength distribution, the average number of surviving channels is 7, while the average 

number of surviving channels is 25 for the dense wavelength distribution. For the uniform 

wavelength distribution, the wavelength locations of surviving channels are uniformly distributed 

over the 90-channel spectrum. On the other hand, the wavelengths of surviving channels have a 

much higher chance to locate at the center and long wavelength for the central distribution and 

right distribution, respectively.  

The CDF in Figure 3.13(b) indicates that different channel hop-count distributions have a 

minimal impact on the power excursion, although larger power excursions are expected for the 

large-hop-count distribution due to the cascading effect. The reason is that with the same number 

of surviving channels, a larger average hop count indicates a higher number of surviving channels 

through each transmission span. According to the derivations in Chapter 2, the power excursion 

also decreases with the increased number of surviving channels, which can cancel out the increased 

power excursion due to the cascading effect. Second, under three different wavelength 

distributions of surviving channels, the power excursions are effectively maintained within 1.5 dB 

over 100%, 99%, and 96.3% of all measurements, respectively.  But, the central distribution 

(triangle in Figure 3.13(b)) reduces the power excursion more effectively for the 0.5 dB power 

excursion threshold. For the central wavelength distribution, the power excursions are below 0.5 

dB for 89.4% over all measurements. On the other hand, only 71.4% and 62.5% of measurements 

maintain the power excursion below 0.5 dB for the uniform wavelength distribution and right 

      

Figure 3.13 (a) Histograms of different channel loading distributions (b) CDF of maximum absolute power 
excursions with different channel loading plans.  
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wavelength distribution, respectively. There two reasons for the outperformance of the central 

wavelength distribution: (1) the wavelengths of surviving channels have similar gain response 

because they are close to each other, which can be minimized altogether by dual-wavelength 

sources, (2) the central wavelength distribution gives a more ‘balanced’ low-gain section and high-

gain section (see Figure 3.11(b)), increasing the number of valid dual-wavelength sources. In 

contrast, the gain of surviving channels is comparatively different in the uniform distribution while 

the low-gain and high-gain section are imbalanced with the right distribution, either of which 

makes the power excursion mitigation more difficult. Finally, the power excursion mitigation is 

also impacted by the number of surviving channels. A higher number of surviving channels 

effectively reduces the power excursion, as the dense wavelength distribution outperforms (cross 

in Figure 2.19(b)) all other channel loading plans. The maximum absolute power excursion is 

below 0.5 dB for 96.1% of all measurements and the maximum measured power excursion over 

all measurements is 0.8 dB. 

3.6 Small-Step Dwell Time Ratio Adjustment of Dual-Wavelength 

Sources 

    The previous section shows that dual-wavelength sources can effectively maintain the power 

excursion within 0.5 dB during wavelength switching operation for 96.1% of all measurements. 

However, using two wavelengths at a time halves the spectral efficiency and may quickly use up 

all available wavelengths. Previous works studied a time-division multiplexing (TDM) based 

solution which distributes another dual-wavelength source with the same two wavelengths but at 

disjoint time slots [80]. However, this approach requires a precise global clock to synchronize all 

fast tunable dual-wavelength sources. In Chapter 2, we discussed the small-step power adjustment 

process which has been widely used in industry to bring up conventional single-wavelength source 

based channels while keeping the power excursion of surviving channels within pre-allocated 

margins. The main drawback of this adjustment method is that the channel being added cannot 

transmit error-free data during power adjustment, due to its low power and quality of transmission 

(QoT). Fortunately, this issue does not exist for dual-wavelength sources. For a dual-wavelength 

source, the dwell time ratio of the two wavelengths can be adjusted by small steps without 

changing the peak power of the two wavelengths. Therefore, the QoT of the dual-wavelength is 
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guaranteed during repetitive dwell time ratio adjustment. After the dwell time ratio adjustment has 

finished, one of the two wavelengths is completely turned off (i.e., 0% dwell time ratio) and the 

other wavelength is constantly lit, which is equivalent to a single-wavelength source. Thus, this 

adjustment method can be introduced to a newly added dual-wavelength source to increase the 

spectral efficiency. 

The total adjustment latency for a dual-wavelength source can be expressed similarly to Eq. (2-

20) in Chapter 2: 

                                                 R m v p p pT Mt Mt N M t N                                   (3-16) 

 

Figure 3.14 Measured power excursions of the surviving channel at 1551.7nm during small-step dwell time ratio 
adjustment of the dual-wavelength source. The power excursion threshold is set to 0.5 dB. Two power adjustment 
of the surviving channel is triggered (red stars shown in the figure). The measured total adjustment latency is 
1263ms. 
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Nv and Np denote the number of ROADM nodes that need be monitored and adjusted. M denotes 

the number of adjustment cycles of a dual-wavelength source. Mp is the number of required power 

adjustment for surviving channels. Note that Mp is usually less than M since power adjustment of 

surviving channels is not needed for every dwell time ratio adjustment. tr, tm, and tp denote the dwell 

time ratio tuning time of the dual-wavelength source, power monitoring time of the OCM, and the 

WSS actuation time to mitigate power excursions. tr is the dual-wavelength source’s tuning speed 

which is on the order of nanoseconds and thus can usually be neglected.  

    Figure 3.14 illustrates the repetitive dwell time ratio adjustment process in our system testbed. 

The dual-wavelength source is initially tuned between 1530.7 nm and 1563.1 nm with the 60:40 

dwell time ratio. The aforementioned small-step dwell time ratio adjustment aims to migrate the 

dual-wavelength source to a single-wavelength source at 1563.1 nm. The power excursion of a 

surviving channel at 1551.7 nm as a function of the time is illustrated Figure 3.14(a). The dwell 

time ratio of the signal at 1530.7 nm gradually decreases and the dwell time ratio of the signal at 

1563.1 nm gradually increases, until the signal at 1530.7 nm is completely turned off and the signal 

at 1563.1 nm is constantly lit. The whole adjustment process, including the signaling time, 

adjustment of the dual-wavelength source, power monitoring with OCMs, and WSS actuation for 

power excursion mitigation, is measured to be 1263 ms.  

3.7 Combination of Dual-Wavelength and Single-Wavelength Sources 

In the previous section, a small-step dwell time ratio adjustment was studied to improve the 

spectral efficiency, without disrupting the live data transmission on the dual-wavelength signal. 

However, the whole adjustment process takes more than 1 second and can be a potential hurdle to 

rapid wavelength switching, resulting in high network outage for frequent incoming channels. The 

possible solution might be parallel power adjustments that simultaneously adjust multiple dual-

wavelength sources, but the potentially resulting power fluctuations and network instabilities 

should be carefully handled in practical transmission systems. In this section, a wavelength 

switching strategy that combines dual-wavelength sources and conventional single-wavelength 

sources is introduced, eliminating the need for additional power tuning. 

Eq. (3-2) and Eq. (3-3) in this chapter show that the power excursion decreases with the 

increased number of surviving channels, which is experimentally verified in Section 3.4 and 

Section 3.5. Therefore, conventional single-wavelength sources can be provisioned into a heavily 
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loaded transmission system with little performance impact, and dual-wavelength sources are only 

needed when the power excursion exceeds the system’s pre-allocated margins. In order to 

minimize the power excursion while maintaining a high channel utilization, it is important to 

determine the minimum number of surviving channels at which conventional single-wavelength 

sources can be used and dual-wavelength sources are no longer necessary.       

    The power excursions on different numbers of surviving channels are experimentally measured. 

The metric used to measure the power excursion relation between the number of surviving 

channels and the number of new single-wavelength channels is (N:M)th. (N:M)th is defined as the 

maximum number of new single-wavelength channels (i.e., N) that can be added with a given 

number of surviving channels (i.e., M) without leading to power excursions on surviving channels 

beyond a pre-defined  threshold (i.e., th). By quantifying this metric, the maximum number of new 

single-wavelength sources can be determined for a given channel loading.   

In order to quantify the (N:M)th metric for our ROADM system, we measure the power 

excursions with different numbers of surviving channels as shown in Figure 3.15. The power 

excursion threshold is set to ±1.5 dB, corresponding to the pre-FEC BER of 1×10-2.  For different 

numbers of surviving channels (i.e., 10, 30, and 50), 1000 random channel loadings are randomly 

selected, and the maximum absolute power excursion of surviving channels is measured with 

adding different numbers of new channels at a time (i.e., 1 to 30). The centermost wavelength 

assignment algorithm achieves the best performance, such that 6 new channels can be added with 

10 surviving channels (i.e., N=6, M=10), and 17 new channels can be added with 30 surviving 

channels (i.e., N=17, N=30). Thus, the (N:M)th metric is approximately 0.6 for both cases. 

Additionally, with 50 surviving channels, at least 30 new channels can be added with a maximum 

absolute power excursion of 1.2 dB (still less than the 1.5-dB threshold). The results indicate that 

if the system is heavily loaded, conventional single-wavelength sources can be safely used for 

wavelength switching without disrupting the performance of surviving channels. According to the 

quantified metric, if the number of new channels N is less than ⌊0.6×M⌋ (M is the number of 

surviving channels), all new channels can be added using conventional single-wavelength sources. 

If the number of new channels N is greater than ⌊0.6×M⌋, ⌊0.6×M⌋ new channels can be added 

using single-wavelength sources after N-⌊0.6×M⌋ dual-wavelength source channels have been 

added. Likewise, when the number of surviving channels increases such that the ⌊0.6×M] condition 

will not be exceeded during switching operation, then dual-wavelength sources can be migrated to 
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single-wavelength sources directly in a single step to reduce the tuning time and adjustment 

latency. 

3.8 Conclusion  

    A fast-tunable dual-wavelength source based wavelength switching method is proposed to 

effectively mitigate power excursions. The power excursion, BER, and OSNR of dual-wavelength 

channels and surviving channels are experimentally verified in a metro-scale multi-hop ROADM 

transmission system with 100 Gb/s PM-QPSK signals, containing 4 SSMF spans and 8 EDFAs. 

We also investigated the power excursion mitigation under different channel loadings. The CDF 

show that using dual-wavelength sources effectively reduces the power excursion to less than 0.5 

dB for 71.4% and 1.5 dB for 99% of all measurements. In order to maintain the spectral efficiency, 

the small-step dwell time ratio adjustment strategy is proposed to migrate a dual-wavelength 

source to a single-wavelength in 1263 ms, while maintaining the QoT on both dual-wavelength 

channels and surviving channels. Finally, a wavelength switching strategy that combines dual-

wavelength sources and single-wavelength sources was experimentally evaluated. By quantifying 

the (N:M)th metric with different channel loadings, the maximum number of new single-

wavelength channels can be pre-determined and provisioned to improve the system’s spectral 

efficiency.  

      

Figure 3.15 Measured power excursions under different numbers of surviving channels. (a) 10 surviving channels (b) 
30 surviving channels (c) 50 surviving channels.  
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Chapter 4 Proactive and Non-Disruptive Probe for Wavelength 

Selection and Switching 

4.1 Introduction 

Ensuring rapid wavelength switching that does not impact other channels is a key to enabling 

dynamic transmission systems. In order to guarantee the quality of transmission (QoT) during 

wavelength switching operation, it is common to allocate few-dB power and OSNR margins for 

various physical layer impairments at the system planning phase for commercial transmission 

systems. Power excursions are detrimental to transmission systems because they can easily cause 

channel powers and thereby channel OSNRs to deviate from pre-allocated margins for data 

transmission. Previous work has shown that power excursions can grow in cascade to more than 

10 dB [52]. In traditional quasi-static transmission systems, channel provisioning relies on either 

expected link information using an offline QoT model [88] or probed link information using a 

supervisory probe signal [89]. Any unexpected variations of expected or probed link parameters 

during system operation must be compensated by the time consuming small-step power adjustment 

as described in Chapter 2. For commercial-scale transmission systems, the fastest reported 

wavelength provisioning time is few minutes for a single 400 Gb/s channel over a long-distance 

link in commercial field trials [6]. 

In order to minimize the power excursions and maintain the power and OSNR within pre-

allocated margins, thereby allowing rapid wavelength switching operation in dynamic 

transmission systems, it is important to obtain the prior knowledge of OSNR and accumulative 

wavelength dependent gain spectrum of a transmission link. Previous work has used probe signals 

to estimate the power, OSNR and other quality of transmission (QoT) metrics of a transmission 

link [90-92]. However, such methods only provide the after-the-fact link information after 

wavelength switching and cannot be used for power excursion prediction that should be known 

before wavelength switching. Even worse, conventional probe methods use a fully provisioned 

probe signal, which itself can be detrimental to the transmission system due to power excursions 

and potentially require significant power adjustment to establish a robust probe signal [91, 92]. 

Previous work also investigated an analytical model to predict power excursions and select optimal 

wavelengths for wavelength switching [93, 94]. The analytical model relies on the measurement 
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of static gain spectrum under specific channel loadings. But, this model does not take into account 

gain spectrum update during wavelength switching operation due to the EDFA tilt change, ASE 

noise profile change, etc. Thus, the accuracy of this analytical model is limited and, only 0.3 dB-

0.7 dB power excursion reduction is achieved in a transmission system consisting of 5 cascaded 

EDFAs.  

In this chapter, we investigate proactive and non-disruptive probe methods to ensure minimal 

disruption to the system performance while accurately estimating OSNR and power excursions 

before wavelength switching.  Two probe methods—weak probe sampling and fast probe—are 

discussed based on the extension of our previous work in [81, 82]. Both methods ensure minimal 

disruption to surviving channels and provide accurate signal performance so rapidly and non-

disruptively. The remainder of the chapter is as follows. The principle, experimental setup, and 

experimental results of weak probe sampling are discussed in Section 4.2. The fast probe method 

and corresponding experiments are presented in Section 4.3. Finally, I conclude my findings and 

discuss the future work in Section 4.4. 

4.2 EDFA Wavelength Dependent Gain Spectrum Measurement and 

Wavelength Switching Using Weak Probe Sampling 

4.2.1 The Principle of Weak Probe Sampling 

In Chapter 3, we derived the power excursions that resulted from wavelength switching 

operation as follows: 
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Adding a probe channel can be thought as adding a new channel through wavelength switching 

(i.e., M'=1 and Ak=1), and the resulting power excursions can be expressed by combining Eq. (4-

1) and Eq. (4-2): 
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M denotes the number of surviving channels. Pij denotes the input power of the surviving channel 

j, and Pik denotes the input power of the new channel k being switched on. Nc is the noise correction 

term defined by the EDFA manufacturer and can be treated as a constant here. Gk is the wavelength 

dependent gain of the new channel k taking into account the gain ripple and tilt, and GT is the 

target average gain of the EDFA. The input power of surviving channels, the total ASE noise input, 

and the noise correction term can be measured by conventional optical signal monitors (OCMs), 

and the target average gain GT is a preset and known value. For power excursion prediction, the 

only unknown parameter is the wavelength dependent gain Gk. Eq. (4-3) indicates that the size of 

power excursion f is proportional to the input power of the probe signal. Unfortunately, a fully 

provisioned probe channel itself would result in substantial power excursions and may not be used 

for the purpose of power excursion estimation. Thus, we propose a weak-power probe method hear 

which not only accurately measures the wavelength dependent gain but also minimize the power 

excursions during the probe process.  

4.2.2 Experimental Setup 

An end-to-end DWDM system with two standard single-mode fiber (SSMF) spans is built to 

study the performance of the weak probe sampling technique for gain spectrum measurement and 

power excursion estimation. The experimental setup is depicted in Figure 4.1. A full C-band 

tunable laser serves as a weak probe source. A 90-channel DWDM comb source with spacing of 

50 GHz is sent to a WSS to create different channel loadings. The composite channels are launched 

into two transmission spans, each of which consists of a 25-km SSMF span, a dual-stage and tilt-

controlled EDFA operated at 18-dB gain, and a VOA. Both EDFAs are operated with automatic 

gain controlled (AGC) algorithms to maintain the target average gain at 18 dB. The EDFA tilt is 
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set to -2.5 dB, and the tilt is defined as the peak-to-peak gain variation of a least-square-fitted line 

of the channel gains over the full C-band ranging from 1529.2 nm to 1564.7 nm. The tilt adjustment 

is realized by adjusting the attenuation of the VOA in the first stage, taking advantage of the fact 

that the tilt is dependent on the internal gains of the individual stage. In addition, VOAs are used 

in transmission systems to increase the span loss to 18 dB. 1% of the input and the output powers 

of each EDFA is tapped into optical channel monitors (OCMs) for the per-channel power or power 

excursion measurement. We identify two types of channels for this experiment—surviving 

channels and probe channels. The surviving channels are generated from the 90-channel DWDM 

comb source and the input power of each channel is preconfigured at -18 dBm. The probe channel 

is generated by the tunable laser source for wavelength dependent gain measurement and power 

excursion estimation, and its input power is set to 15 dB lower than the surviving channel power, 

corresponding to -33 dBm.  

4.2.3 Experimental Results 

    Using a weak probe that is 15-dB lower than the surviving channel, minimal EDFA gain profile 

change and power excursions are ensured during the probe process. Figure 4.2(a) and Figure 4.2(b) 

show the output spectrum after the first EDFA and the second EDFA of the surviving channel at 

1545.0 nm before the probe signal being introduced. The cumulative tilt is -2.5 dB and -4.5 dB, 

for the output after the first EDFA and the second EDFA, respectively. Figure 4.2(c) and 

Figure4.2(d) show that adding a weak probe (-33 dBm input power into the first EDFA) does not 

cause power excursions on the surviving channel. Thus, by measuring the output power of the 

weak probe and thereby calculating the channel gain, the power excursion can be predicted before 

wavelength switching operation using Eq. (4-3). In contrast, the conventional probe method that 

uses a fully provisioned probe only provides the after-the-fact information, leading to more than 1 

 

Figure 4.1 Experimental setup to study the weak probe sampling method. WSS=wavelength selective switch, 
VOA=variable optical attenuator, OCM=optical channel monitor. 
  



84 
 

               

              

            

Figure 4.2 The power excursion on a surviving signal results from a weak probe signal or a fully provisioned probe 
signal. (a-b) Output spectrum after the first EDFA and the second EDFA without the probe signal (c)-(d) Output 
spectrum and the first EDFA and the second EDFA after adding a weak probe signal at 1530.8 nm (e)-(f) Output 
spectrum after the first EDFA and the second EDFA after adding a fully provisioned probe signal at 1530.8 nm. 
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dB power excursions on the surviving channel as shown in Figure 4.2(e) and Figure 4.2(f). Even 

worse, such a fully provisioned probe also changes the tilt of both signal and noise profile, resulting 

in a low accuracy in gain spectrum estimation. 

Figure 4.3 shows the gain spectrum of a single EDFA and two cascading EDFAs under four 

channel loadings: (1) fully loaded 90-channel DWDM, (2) single-channel loading at the short 

wavelength of 1531.6 nm, (3) single-channel loading at the center wavelength of 1545.0 nm, and 

(4) single-channel loading at the long wavelength of 1559.0 nm. The gain spectrum with the fully 

loaded 90-channel DWDM is calculated by subtracting the measured input spectrum from the 

measured output spectrum. For single-channel loadings, since only the gain of the surviving 

channel can be directly measured, the gain of other 89 channels is measured by scanning the 

tunable weak probe source over other 89 wavelengths. We can see that the gain spectrum and the 

tilt varies with different channel loadings.  The measured tilt of a single EDFA are -2.3 dB, -1.7 

dB, -2.4 dB, and -2.9 dB, respectively; the cumulative tilt after two EDFAs are -4.5 dB, -2.9 dB, -

4.3 dB, and -5.7 dB, respectively. Therefore, neither the conventional probing approach [90-92] 

nor the offline analytical solution [93, 94] is suitable for dynamic wavelength switching. Instead, 

the gain spectrum should be measured using the weak probe whenever the channel loading changes 

due to wavelength switching operation.  

         

Figure 4.3 EDFA gain spectrum under different channel loadings. Dashed least-square-fitted lines are used to 
quantify the EDFA tilt. (a) The gain spectrum after the first EDFA (b) The cumulative gain spectrum after the 
second EDFA. 
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    One potential issue for the weak probe approach is that a tunable source needs to be scanned 

over all available DWDM channels to fully reconstruct the gain spectrum, which can require a 

long scanning time. Fortunately, due to the fact that the EDFA gain is a slowly varying function, 

the gain spectrum can be sampled and reconstructed with only a few measurements [97, 98].  

Figure 4.4 illustrates the accuracy in gain spectrum estimation of the first EDFA using weak probe 

sampling with a single channel input at 1559.0 nm. First, the reference gain spectrum (red dot) is 

measured by scanning the weak probe source over 89 unoccupied wavelengths. In contrast, using 

the weak probe sampling, only 10% of 90 DWDM channels (i.e., 9 samples) are measured, and 

the full gain spectrum is reconstructed (blue curve) by oversampling the 9 samples by a factor of 

10. 10% sampling is chosen based on the frequency component analysis after the first EDFA and 

the second EDFA, as shown in Figure 4.4(a) and Figure 4.4(b), respectively. The EDFA gain 

                 

             

Figure 4.4 Frequency response and gain spectrum reconstruction of a dual-stage EDFA with a signal surviving 
channel at 1559.0 nm. (a) The frequency response after the first stage (b) The frequency response after the second 
stage (c) Gain reconstruction after the first stage (d) Gain reconstruction after the second stage. 
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frequency components are calculated by taking the Fourier transform (FT) of the gain spectrum 

and we see that most frequencies fall within 0.05 Hz. According to the Nyquist theorem, the 

sampling rate should be at least 0.1 Hz to reconstruct the full gain spectrum with minimal error. 

Note that since the gain spectrum is a function of wavelength (or frequency), the term ‘Hz’ used 

here has a different meaning, which is defined as ‘one cycle per 0.4-nm’ (or one cycle per 50-

GHz). Figure 4.4(c) and Figure 4.4(d) show the reconstructed gain spectrum after the first stage 

and the second stage. The reconstructed gain fits the actual gain measurements very well, with 

only two channels (1531.56 nm and 1531.95 nm) having 0.2-dB offsets for the first stage. The gain 

spectrum reconstruction after the second stage achieves even less error, because the EDFA is gain 

flattened for less ripple, thus reduces the high-frequency components. The gain spectrum 

Table 4.1 Gain estimation error and power excursion estimation error 

Channel 

loading 

Gain estimate 

(weak probe) 

Power excursion 

estimate (weak probe) 

Gain estimate 

(static model) 

Power excursion estimate 

(static model) 

1529.2 nm 0.1 dB 0.2 dB 1.5 dB 0.6 dB 

1563.1 nm 0.1 dB 0.1 dB 0.9 dB 0.5 dB 

1547.4 nm 0.2 dB 0.2 dB 1.2 dB 0.6 dB 

1558.2 nm 0.2 dB 0.2 dB 1.0 dB 0.6 dB 

 

      

Figure 4.5 Gain spectrum and power excursion estimation using weak probe sampling and the static gain model 
in [93, 94]. (a) Weak probe sampling achieves 0.1-dB accuracy in gain spectrum estimation (b) Weak probe 
sampling achieves 0.2-dB accuracy in power excursion estimation. 
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reconstruction accuracy is also experimentally evaluated against different channel loadings and 

different EDFA tilt settings, and the maximum offset is measured to be 0.3 dB. In order to 

generalize the weak probe approach with 10% sampling, we also evaluate different EDFA designs 

(e.g., change the power and the wavelength of pump sources, the length of fiber, and the resolution 

of the gain flattening filter) with VPItransmissionMaker simulation tools [99]. Although 

simulation results show that the reconstruction accuracy varies from different EDFA designs, 10% 

sampling is sufficient in typical cases with the worst offset of 0.5 dB over a broad range of optical 

amplifiers.          

Next, we use the reconstructed gain spectrum to predict the power excursion as described in Eq. 

(4-3). The tilt of each EDFA is adjusted to -1.5 dB so that the cumulative peak-to-peak channel 

power variance is 3 dB. The accuracy in power excursion estimation using the weak probe 

sampling method is measured under different channel loadings. For comparison purposes, the 

accuracy using the static gain model in [93, 94] is also evaluated. Note that only corner cases with 

single-channel loadings are reported because the single-channel results in large power excursions 

and tilt change under wavelength switching operation as summarized in Chapter 3. Also note that 

the errors of power excursion estimation arise not only from the gain spectrum reconstruction but 

also from the EDFA tilt change that Eq. (4-1) does not take into account.  Table 4.1 shows that the 

weak probe sampling approach achieves a much better accuracy of both gain spectrum estimation 

and power excursion estimation. There is negligible gain spectrum estimation error (<0.2 dB), and 

the maximum error of power excursion estimation using the reconstructed gain spectrum is less 

than 0.2 dB. In contrast, the static gain model results in more than 1.5-dB gain estimation errors 

and 0.6-dB power excursion estimation errors. Figure 4.5 shows the gain and power excursion 

estimation at different wavelengths with the single-channel loading at 1529.2 nm. The simplified 

gain model underestimates the gain at long wavelengths (and thus overestimates the power 

excursion) because switching on a new channel at a long wavelength tends to increase the EDFA 

tilt [73]. The increased tilt is due to the pump current increase (result in positive power excursion) 

during AGC, owing to the lower gain at the long wavelength. Thus, weak probe sampling is 

advantageous because it causes power excursions, allowing accurate power excursion estimation 

even with a large tilt. 

We also evaluate the accuracy in power excursion estimation under continuous wavelength 

switching operation that new channels are sequentially added. Figure 4.6 shows the accuracy in 
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power excursion estimation using the weak probe sampling method and the static gain model, 

respectively. Before the wavelength switching experiment, a single initial channel at 1547.8 nm is 

lit and is treated as the channel of interest for power excursion prediction and measurement. New 

channels are continuously added into the system from 1531.6 nm to 1564.7 nm (82 channels in 

total after all channels being added), and the actual power excursions at 1547.8 are measured as a 

reference. The power excursion is estimated using the probed gain spectrum and the estimated 

gains of lit channels, and the accuracy of the estimated gains depends on the accuracy of the 

previous power excursion estimate. Note that since power excursions would also introduce 

additional tilt and gain, after each new wavelength is added, a new 10% sampling probe is 

measured to reconstruct the gain spectrum with the current channel loading. We also note that 

when the number of lit channels is above 10, there is negligible tilt change even though we 

continuously add new channels, so there might be no need to use probe reconstruction and instead 

the previous gain spectrum can be used for power excursion estimation. Additionally, OCMs could 

be used to measure the gain of lit channels by subtracting their input powers from output powers. 

 

Figure 4.6 Power excursions at 1547.8 nm using the weak probe sampling and the static gain model. 
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Using the weak probe sampling approach, the accumulative error of power excursion estimation 

is kept below 0.2 dB until all 82 channels are loaded. On the other hand, the static gain model 

results in more than 1-dB error of power excursion estimation because this model neglects the tilt 

and gain spectrum update during continuous wavelength switching operation.  

4.3 Fast Probe Scheme for OSNR and Power Excursion Prediction 

4.3.1 Proposed Fast Probe Methodology 

In a dynamic transmission system that is comprised of a variety of amplifiers from different 

manufacturers, determining the cumulative tilt, ripple, and thereby the gain spectrum is difficult, 

due to the varying gain spectrum from continuously changing input channel loadings. In the 

previous section, we introduced the weak probe sampling method for accurate gain spectrum 

estimation. The physics behind the method is that adding a weak-power probe causes minimal 

power excursions, allowing accurate wavelength dependent gain spectrum measurement. In this 

section, a fast probe method is introduced to complete the similar tasks. Instead of reducing the 

peak power as mentioned in the weak probe sampling method, the fast tunable source generates a 

short-duration probe pulse (and hence ‘low average power’) and sends the probe pulse through a 

transmission system. If the duration of the pulse is much shorter than the amplifier’s response time, 

the amplifier is unable to follow the instantaneous changes in the input channel loadings and no 

power excursions or transient effects occur. By measuring the input and output powers of the probe 

pulse at a certain wavelength, the gain of this wavelength can be estimated. Therefore, by scanning 

the probe pulse over different DWDM wavelengths, the full gain spectrum and thereby the power 

excursions can be predicted. Moreover, the OSNR can be estimated by measuring the output power 

of the probe pulse and the output noise power when the probe pulse is absent. With the pre-

knowledge of the power excursion and OSNR of each wavelength candidate, an optimal 

wavelength location can be chosen and switched on based on the pre-allocated power and OSNR 

margins. 

4.3.2 Testbed Setup 

    A single-hop 90-channel DWDM transmission system is built to evaluate the fast probe scheme 

for gain, OSNR, and power excursion prediction. These predicted parameters are then used for 
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selecting valid wavelength candidates for wavelength switching operation while ensuring minimal 

power excursions and good OSNR values. The diagram of the experimental setup is illustrated in 

Figure 4.7. A full C-band tunable laser connected to a nanosecond switching speed optical switch 

is implemented for generating a short-duration probe pulse at any C-band wavelength, and the 

probe pulse is switched into the system by the first WSS (WSS A in Figure 4.7) for gain, OSNR, 

and power excursion estimation. A 90-channel DWDM comb source with spacing of 50 GHz is 

connected to WSS A to create different sets of surviving channels that can exist through the system. 

10% of the WSS output power is tapped to its built-in OCM module for per-channel input power 

measurement and power leveling. The composite channels are then boosted and sent into a 3-span 

SSMF transmission link.  The length of each SSMF span is 20 km, and the target average gain of 
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Figure 4.7 90-channel DWDM testbed to study the fast probe scheme for power excursion prediction and 
wavelength switching. WSS=wavelength selective switch, PD=photodetector, VOA = variable optical attenuator, 
OSA=optical spectrum analyzer. 
 

        

Figure 4.8 Gain estimation: fast probe vs. OSA. (a) For a single EDFA, the probe-based gain estimation achieves 
0.2-dB accuracy (b) Probe-based gain estimation gives 0.5-dB accuracy after 3 fiber spans and 4 EDFAs. 
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each EDFA is set to 13 dB. Additional VOAs are used to increase the required span loss to 13 dB. 

In order to measure the probe pulse, the probe pulse at both the input and the output of the 

transmission link is selected by two WSSs (i.e., WSS B and WSS C), corresponding to probe input 

and output drop points at each node. The dropped probe pulses are sent to two PIN photodetectors 

with 20-MHz bandwidth and then digitized by a digital phosphor oscilloscope (DPO) with 1GSa/s 

sampling rate. In this experiment, the probe pulse duration is on the order of microseconds so that 

the 20-MHz bandwidth of photodetectors and 1GSa/s ADC of the DPO are sufficient for optical-

to-electrical conversion and digital signal processing. A broadband ASE noise generator is 

introduced at the receiver to calibrate the accuracy of the probe-based in-band OSNR measurement 

method at different OSNR levels. Finally, an optical spectrum analyzer (OSA) is implemented at 

the receiver to measure the actual channel gains and powers. 

The initial experiment configuration is as follows. Each EDFA is configured with a maximum 

peak-to-peak wavelength dependent gain difference of 3 dB, and as a result, the cumulative 

wavelength dependent gain difference after 4 EDFAs (3 transmission spans) is 12 dB. The VOA 

attenuation values in WSS A are adjusted to ensure uniform -10 dBm input power per channel 

with 90-channel DWDM input. In order to translate the information of two probe pulses (at WSS 

B and WSS C) into a gain for power excursion estimation, the relation between the OSA gain 

readings and the difference of two photodetectors’ readings is pre-calibrated over different 

wavelengths. The calibration results as a function of the wavelength are shown in Figure 4.8. The 

probe pulses based gain measurement is able to provide a 0.2-dB accuracy for a single EDFA and 

0.5-dB accuracy for 4 EDFAs. 

Based on the probed gain profile, we can follow Eq. (4-3) in Section 4.2 to predict the power 

excursions (the noise term is neglected for this experiment). 
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                                               (4-5) 

The input powers of surviving channels are measured using OCMs. The input power and gain 

for the wavelength under test can be measured using the short-duration probe pulse. Note that this 

model ignores the impact of cumulative ASE noise. However, most out-of-band ASE noise is 

removed by WSSs in a transmission link, and thus the ASE noise is negligible compared with the 

signal power. Also note that this model assumes identical power excursions on all surviving 
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channels by neglecting the cumulative EDFA gain tilt change due to AGC operation. The tilt 

change is proportional to the size of power excursions. Therefore, if minimal power excursions 

can be guaranteed for wavelength switching operation by the proposed fast probe scheme, the 

power excursion induced tilt change can be neglected.  

    For each wavelength assignment request, the procedures of wavelength selection and switching 

based on the proposed fast probe scheme is shown in Figure 4.9, including (i) gain and OSNR 

measurement of surviving channels, (ii) gain and OSNR estimation of the potential wavelength 

candidates using the fast probe scheme, (iii) power excursion estimation, and (iv) wavelength 

selection and switching. First, the powers, gains, and OSNRs of surviving channels are measured 
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Figure 4.9 Procedures of wavelength selection and switching based on the proposed fast probe scheme. 
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using conventional OCMs. Next, the tunable laser source, WSS B, and WSS C are tuned to the 

desired probe wavelength. Then a short-duration probe pulse is generated by actuating the 

nanosecond switching speed optical switch. By measuring the input and output probe pulse using 

the oscilloscope, the gain and OSNR of the probe wavelength is estimated, and its resulting power 

excursions (when fully provisioned) on surviving channels are calculated using Eq. (3-5). If the 

wavelength satisfies a pre-defined OSNR requirement and the power excursion estimation is 

within a pre-allocated system margin, this wavelength will be stored into a list of channel 

candidates. The depicted probe process is continuously carried out for all unoccupied channels. 

Finally, a wavelength with minimal estimated power excursion will be selected from the list of 

channel candidates and switched on. 

4.3.3 Experimental Results 

A probe pulse will not generate power excursions on surviving channels, provided that its 

duration is shorter than the amplifier response time. EDFAs used in this experiment have a 

response time of tens of microseconds. Figure 4.10 illustrates the powers of the probe pulse at 

1562.7 nm and the surviving channel at 1545.0 nm captured by the DPO at the output drop point 

with different probe pulse durations. No power excursions or transient effects occur when the 5-

μs probe pulse is propagated through the system, because the 5-μs probe pulse duration is much 

shorter than the EDFA response time. Note that there is a slight overshoot and undershoot due to 

the ringing on the optical switch in our experiment. For the 100-μs probe pulse, power excursions 

up to 1 dB are measured on both the probe pulse and the surviving channel.  In the following 

experiment, 5-μs probe pulses are used to perform the gain and OSNR measurements. The gain is 

calculated by the ratio of the output probe power to the input probe power, taking into account the 

wavelength dependent gain offset that is pre-calibrated when the system is first installed as 

depicted in Figure 4.8. The probe signal’s OSNR is calculated from measurements of the channel 

power when the probe pulse is absent (i.e., noise only) compared with the probe pulse power (i.e., 

channel power + noise) as shown in Figure 4.10(a). The accuracy of the in-band OSNR 

measurement is summarized in Table 4.2. Figure 4.11 illustrates the relationship between the in-

band OSNR measurement using the fast probe and the out-of-band OSNR measurement using the 

OSA for the surviving channel at 1532.7 nm and 1545.0 nm, respectively. The relationship is linear 

up to 20 dB with a 0.5-dB accuracy for both wavelengths. The linear relationship does not hold at 
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Figure 4.10 The probe output power and the surviving channel output power after traversing four EDFAs. (a) No 
power excursion or transient effect occurs with a 5-μs probe pulse (b) The power excursion is up to 1 dB with a 
100-μs probe pulse. 

 

Table 4.2 In-band OSNR (fast probe) measurement vs. out-of-band (OSA) measurement 

Wavelength (nm) 

Accuracy 

(reference OSNR = 

10 dB) 

Accuracy 

(reference OSNR = 

15 dB) 

Accuracy 

(reference OSNR = 

20 dB) 

Accuracy 

(reference OSNR = 

25 dB) 

1532.7 0.1 0.2 0.3 2.0 

1445.0 0.3 0.3 0.5 1.7 

1550.7 0.2 0.3 0.4 1.4 

1556.2 0.3 0.3 0.5 1.5 

1561.9 0.3 0.4 0.6 1.8 
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high OSNR levels (i.e., >20 dB), due to the limited sensitivity of photodetectors and noise 

generated by photodetectors. However, the accurate OSNR measurement is more important for 

low OSNR values because the channel quality of transmission (QoT) is marginal at low OSNR 

levels.     

    After the gains at different wavelengths have been measured, the power excursions on surviving 

channels are calculated using Eq. (4-5). Figure 4.12 shows the power excursion estimation and the 

actual power excursion measurement for four surviving channels at 1550.7 nm, 1552.3 nm, 1554.0 

nm, and 1555.6 nm, respectively. The OSNR levels are manually adjusted to around 19 dB by 

tuning the broadband ASE noise generator. The measured cumulative gains for these four 

surviving channels are 12.6 dB, 12.8 dB, 13.0 dB, and 13.5 dB, and the measured OSNRs for them 

are 18.9 dB, 19.0 dB, 19.0 dB, and 19.2 dB. In this experiment, the OSNR threshold is set to 18 

dB, and the power excursion margin is set to ±0.3 dB corresponding to ±0.1 dB OSNR variation. 

Note that the chosen power excursion margin is small just for illustrative purposes, which is taken 

on top of the power divergence such as EDFA gain ripple and stimulated Raman scattering (SRS). 

In practical transmission systems, the power excursion margin should take into account the pre-

allocated OSNR margins (which is typically a few dB) for wavelength switching operation. The 

calculated power excursions fall within the variation observed across different wavelengths, 

ranging from 0.8 dB at 1532.0 nm to -1.2 dB at 1562.3 nm. Based on the estimated power 

     

Figure 4.11 OSNR in-band measurement using the fast probe vs. the out-of-band OSNR measurement using OSA. 
(a) OSNR measurement on 1532.9nm. 0.5-dB linear relation is achieved for the OSNR under 20 d. (b) OSNR 
measurement on 1545.0nm. 0.3-dB linear relation is achieved for the OSNR under 20 dB. 
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excursions, the channel 1546.0 nm is selected and switched on with a calculated minimal 0.002 

dB power excursion. Note that the mathematical model in Eq. (4-5) does not take into account the 

ASE noise profile change and gain tilt change due to power excursions, thus estimates the same 

power excursion values for all surviving channels. Different power excursions are actually 

obtained for different surviving channels in this experiment. After the channel at 1546.0 nm is 

switched on, the actual power excursions on the four surviving channels are measured to be 0.0 

dB, 0.1 dB, 0.1 dB, and 0.1 dB, which are within the pre-defined ±0.3 dB power excursion 

threshold. Over all wavelength candidates ranging from 1532.0 nm to 1562.3 nm, the maximum 

power excursion estimation error of 0.2 dB occurs at the longest wavelength of 1562.3 nm, with 

the power excursion estimation of -1.2 dB for all four surviving channels and the measured power 

excursions of -1.0 dB, -1.0 dB, -1.0 dB, and -1.1 dB, respectively. This is because switching on 

this wavelength results in the maximal power excursions, and the size of tilt change is proportional 

to the size of power excursions. The power excursions using the first-fit wavelength assignment 

 

Figure 4.12 Power excursion estimation using the proposed fast probe scheme. The power excursion estimation 
provides 0.2-dB accuracy across all wavelength candidates. The channel at 1545.0 nm is switched on with 0.002-
dB power excursion estimation, resulting in 0.0 dB, 0.1 dB, 0.1 dB, and 0.1 dB power excursions on four surviving 
channels, respectively. 
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algorithm are also evaluated for comparison purposes. The channel at 1532.0 nm will be selected 

and switched on using the first-fit algorithm, resulting in a 0.8-dB power excursion. 

The proposed fast probe method is also shown to work for different channel loadings in further 

experiments. Figure 4.13 shows the spectrum of four randomly selected channel loadings. For each 

channel loading, a new channel is selected and switched on using the proposed scheme as described 

above. Channels at 1551.2 nm, 1544.0 nm, 1551.8 nm, and 1549.1 nm are selected and switched 

on for these four channel loadings respectively. The minimal power excursions are estimated to be 

0.05 dB, 0.07 dB, -0.01 dB, and 0.03 dB, respectively. The actual power excursions are measured 

by switching on these recommended wavelengths, and the actual power excursions are 0.2 dB, 

0.18 dB, 0.05 dB, and 0.07 dB, respectively. Therefore, the fast probe method guarantees the 

quality of selected and switched wavelengths for these four channel loadings even with the strict 

±0.3 dB power excursion margin. On the other hand, the first-fit wavelength assignment algorithm 

 
Figure 4.13 Output spectrum under 4 different channel loadings. Wavelengths are selected and switched on based 
on the probe information, resulting in 0.2 dB, 0.18 dB, -0.01 dB, and 0.03 dB for these four channel loadings. 
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results in power excursions of 1.1 dB, 0.9 dB, 0.6 dB, and 0.5 dB for the four channel loadings, 

respectively. 

4.4 Conclusion  

The performance of non-disruptive and proactive channel probe methods are evaluated in end-

to-end DWDM transmission systems. Two probe methods—weak probe sampling and fast 

probe—are discussed, and both methods are shown to accurately predict the cumulative EDFA 

gain spectrum and power excursions. Predicted power excursions are then used for wavelength 

selection and switching, ensuring minimal power excursions on surviving channels. Using the 

weak probe sampling, only 10% of DWDM channels need to be probed using a weak-power 

tunable laser source, and the full gain spectrum can be recovered after oversampling. For the fast 

probe method, a short-duration probe pulse is generated by the tunable laser and sent over the 

transmission link. Based on the power measurements at different network locations, the channel 

gain, power, and OSNR are predicted with a high accuracy. By probing every potential wavelength 

candidate, the full picture of the cumulative gain spectrum is acquired and an optimal wavelength 

can be selected and switched on. Note that 10% sampling can also be applied to the fast probe 

method to reduce the required number of probe samples.  

 

Although the proposed probe scheme accurately predicts the power excursion and OSNR for a 

single-hop DWDM transmission system with multiple fiber spans and EDFAs, it is also important 

to address how the proposed probe scheme would scale with increasing dimensions in a large-scale 

DWDM system. A greater number of ROADMs, EDFAs, and fiber spans are deployed in a 
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Figure 4.14 illustration of the probe method in a multi-hop DWDM transmission system. Each ROADM is 
equipped with a probe source, and a probe should be should be carried out between any two neighboring nodes. 
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practical commercial-scale DWDM system, and its topology is high meshed by implementing 

multi-degree ROADMs. In such a DWDM system, the probe should be carried out between any 

two neighboring nodes to take into account the cascading effect. For future explorations, the 

capabilities of the proposed scheme will be further investigated in a multi-hop and meshed network 

scenario. The potential resource competition should be avoided when multiple probe sources 

belonging to different ROADM nodes are used. The probe policy control and scheduling will be 

investigated over a software-defined networking (SDN) solution. 
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Chapter 5 Deep Neural Network Based Wavelength Selection 

and Switching  

5.1 Introduction 

In previous chapters, hardware solutions were shown to greatly mitigate power excursions for 

rapid wavelength switching operation. In Chapter 3, we implemented dual-wavelength sources to 

distribute a single optical signal over two wavelengths—one with a high gain and the other with a 

low gain—to equalize the average gain and cancel out power excursions. In chapter 4, non-

disruptive optical probing methods were investigated to obtain the knowledge of the EDFA gain 

spectrum and power excursions. Based on this knowledge, optimal wavelengths that cause 

minimal power excursions were selected and switched.  

However, such hardware solutions rely on specialized hardware components and may increase 

the total system implementation cost. On the other hand, machine learning offers a more flexible 

solution without special hardware requirements. Over the past few years, machine learning has 

been extensively studied to solve various problems in different research areas, including game 

competition, natural language processing, computer vision, etc [100-102]. Particularly, optical 

communications researchers have started to keep an eye on machine learning techniques to 

promote the development of intelligent optical communication systems [103-105]. Through the 

extensive data collection of the power excursions under different channel loadings, a machine 

learning model can be trained to accurately recommend new wavelength assignments which will 

not cause power excursions. Previous machine learning applications examined wavelength 

assignment and defragmentation in a 24-channel single-hop system to minimize the channel power 

divergence of surviving channels, which primarily arises from the static gain ripple and tilt [106-

107]. Regression models, such as ridge regression and Bayesian kernel regression were 

investigated to predict the channel power divergence in a 24-channel single-hop ROADM system. 

Such power divergence can be potentially pre-compensated at the system planning stage. The 

actual complexity of wavelength switching operation lies in the power excursion response which 

is a complex of channel loadings and on top of the static channel power divergence. However, 

reported regression models do not consider the interactions between wavelength-division 

multiplexing (WDM) channels and are unlikely to accurately predict the power excursions in 
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wavelength switching operation. In order to accurately predict power excursions in WDM 

transmission systems with multiple ROADM hops and full C-band WDM channels, a more 

sophisticated machine learning model based on deep neural networks is investigated. In this 

chapter, we extent the work that has been published in [108, 146]. We provide additional analysis 

with the deep neural network including, (1) the computational complexity of different machine 

learning models, (2) the techniques to reduce overfitting, (3) online training to refine the machine 

learning model over time as the system performance evolves, and (4) performance comparison 

with Ridge regression and Random forest models.  

    The remainder of the chapter is organized as follows. In Section 5.2, we introduce the basic 

concepts of machine learning and deep neural networks. The experimental setup is depicted in 

Section 5.3, and the experimental results are presented in Section 5.4. In Section 5.5, we address 

the scalability of the proposed approach for large-scale ROADM systems. The conclusion is drawn 

in section 5.6. 

5.2 Basic Concepts of Machine Learning and Deep Neural Networks 

5.2.1 Introduction to Machine Learning 

    The main objective of machine learning is to use computers to learn information, without being 

explicitly instructed to do so. Machine learning problems can be commonly divided into three 

general categories—supervised learning problems, unsupervised learning problems, and 

reinforcement learning problems. 

Supervised learning problems try to learn the relationship between the input and output values. 

Supervised learning analyzes the training data and produces a relationship between an input object 

and the desired output object, which can be used for predicting the output of new input objects 

[109]. Supervised learning problems can be further grouped into regression and classification 

problems. For a regression problem, a machine learning model tries to predict continuous-valued 

output based on the given input. An example of regression problems is to find the relationship 

between the power excursions on surviving channels (which are continuous-valued) and the 

channel loading. For a classification problem, a machine learning model predicts a discrete number 

of values (i.e., different classes). The target output comes in a categorical form and represents a 
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finite number of classes. An example of classification problems is to determine whether a 

wavelength switching operation will cause power excursions to exceed pre-defined margins or not. 

Unsupervised learning problems try to draw inferences from datasets only consisting of input 

data [110]. The main goal of unsupervised learning problems is cluster analysis, which aims to 

find hidden patterns or structure of the input data. The main difference of unsupervised learning is 

that it does not define an actual label or context for the clustered groups. An example of 

unsupervised learning problems is the design of an autoencoder to jointly learn optimal encoding 

and decoding of an optical transmission system to minimize the impact of physical layer 

impairments [111]. 

For reinforcement learning problems, the machine learning model is exposed to an environment 

where the model trains itself continually using trial and error to optimize the performance. The 

main difference of reinforcement learning from supervised learning is that the reinforcement 

learning model is not given explicit goals; instead, the model is forced to learn these optimal goals 

by trial and error. A most popular example of reinforcement learning is Mario artificial intelligence, 

that a game-based machine learning model controls Mario to complete different stages in Super 

Mario Bros [112]. There is no explicit goal and we hope Mario to stand in the game and complete 

as many stages as possible. By trial and error, the machine learning model determines certain 

movements and character actions that would advance the player to stand in the game, and result in 

an optimal state of game play. Reinforcement learning also has great potentials in optical 

communications. For example, in order to maintain a transmission system’s stability, a 

 
Figure 5.1 Illustration of different types of machine learning problems 
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reinforcement learning model can be implemented to continuously learn from the past experience 

and tries to capture the best possible knowledge to make accurate operation.  

In this chapter, our focus is on developing a supervised machine learning model to predict power 

excursions based on an initial set of surviving channels and the addition of a new set of channels. 

The data set includes the impact of complex interactions between WDM channels that result in the 

power excursion response. A popular machine learning model for solving such complex problems 

is deep neural networks. Other common supervised learning models, including ridge regression, 

random forest and support vector machine are evaluated for comparison purposes.  

5.2.2 Deep Neural Networks 

 

    Deep neural networks are computational models that are inspired by the biological neural 

networks in the human brain [113]. The term ‘deep neural network’ has its origins to find the 

mathematical representation of information processing by layered and interconnected neurons 

[114]. Figure 5.2 illustrates a single ‘neuron’ (also known as node or unit), which receives the 

input from other neurons and computes the output. In the real world, most data are nonlinear and 

we want neurons to learn complex nonlinear representations. Therefore, nonlinear activation 

functions are introduced to the output of neurons to improve neural network approximations. 

Common types of activation functions include—tanh (hyperbolic tangent), sigmoid, and ReLU 

(unit ramp function). Recent work has reported the advantages of ReLU because ReLU does not 
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Figure 5.2 Schematic of a neuron. It takes the numerical inputs and calculates an output. The function f is called 
the nonlinear activation function to introduce nonlinearity into the output. 
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cause the “Gradient Vanishing” problem that can completely stop the neural network from further 

training  [115]. But, the chosen activation function still depends on particular applications and 

should be determined by trial and error through the training process.   

A deep neural network contains multiple neurons arranged in multiple layers as shown in Figure 

5.3. Neurons in one layer have connections (i.e., edges) to the neurons in adjacent layers, and there 

is a weight associated with each edge. A deep neural network consists of three types of layers: (1) 

input layer: contain input neurons that provide information from the outside world; (2) hidden 

layer: contain hidden neurons that perform nonlinear transformations from the input layer to the 

output layer. A deep neural network may contain a single hidden layer or multiple hidden layers; 

(iii) Output layer: contain output neurons that predict the output to the outside world. The initial 

weights of the neural network are usually randomly set based on a probability distribution 

determined by the user. In order to train a deep neural network, the first stage is forward 

propagation. The input vector is propagated through the neural network to predict the 

corresponding output. Then, a cost function C is used to measure the error between the predicted 

output ŷi and the corresponding true output yi for m training samples. Common cost functions 

include mean square error (MSE) for regression problems (Eq. (5-1)) and cross entropy log loss 

for classification problems (Eq. (5-2)).  
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Figure 5.3 An example of a multi-layer deep neural network. Each neuron (except for input neurons) takes the 
input of each connection to the precedent layer and calculates the output (i.e., the input to the next layer) based on 
the nonlinear activation function and the trained weights. 
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The next step is backpropagation to update the neural network weights in order to minimize the 

cost function C. In order to improve the computation efficiency, only a small portion of training 

samples is randomly used (which is also called a mini-batch) to calculate the gradient decent and 

how each weight in the neural network should be updated [116]. The feedforward and 

backpropagation process are repeated until the user-defined termination condition is satisfied (e.g., 

the maximum number of iterations is reached). In order to optimize the performance of the deep 

neural network, validation data is used during the training process to compare the performance of 

the deep neural network with different parameters, and the parameters that minimize the cost 

function C is chosen. Finally, test data (a set of data samples used only to assess the performance 

of the final model) is used to get an unbiased view of the performance of the deep neural network. 

5.3 Experimental Setup 

Figure 5.4 shows the metro-scale multi-hop ROADM system for studying the power excursion 

prediction and wavelength assignment using the deep neural network. At the transmitter, a 90-

channel laser bank with spacing of 50-GHz is used to create 90 WDM channels from 191.60 THz 

to 196.05 THz (i.e., 1529.2 nm to 1564.7 nm in wavelength). The power of the transmitter is then 

equally divided into four equal outputs using a 1×4 splitter, and each output is sent to a different 

ROADM (ROADM 1 to ROADM 4) to create different channel loadings. The transmission system 

consists of four SSMF spans with various transmission distance, and each SSMF span is comprised 

of two AGC EDFAs and one VOA. Each EDFA is set to 18 dB gain to compensate for the loss of 

the ROADM and the transmission fiber. The VOA is used to increase the span loss to match the 

18-dB amplifier gain. Each EDFA’s tilt is pre-adjusted in the experiment. For each SSMF span, 

the tilt of the first EDFA is adjusted to compensate for the stimulated Raman scattering (SRS) in 

the SSMF span, and the tilt of the second is adjusted to 1.0 dB for the generation of cumulative 

peak-to-peak gain variation across the C-band. Figure 5.4(b) and Figure 5.4(c) illustrate the 

wavelength dependent gain spectrum of two EDFAs in the first span. EDFAs in the other three 

spans have the same tilt settings, thus giving rise to a similar gain spectrum. After cascading four 
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SSMF spans, the  cumulative peak-to-peak gain variation across the C-band is measured to be 3.8 

dB. Note that 4-6 dB gain variation is typically allowed between ROADM nodes depending on the 

system design. Such a peak-to-peak gain variation along with the AGC operation results in 

substantial power excursions in wavelength switching operation. Each ROADM is comprised of 

multiple WSSs, per-channel VOAs and per-channel OCMs. Each ROADM drop port is connected 

to its internal OCM for the power excursion measurement.  

The effectiveness of machine learning is evaluated for power excursions that occur on top of the 

static power divergence due to the EDFA gain ripple and tilt [106, 107]. Thus, to remove the initial 

channel power divergence due to the static gain ripple and tilt and focus on the power excursion 

mitigation due to wavelength switching operation, we set the initial experimental configuration as 

follows. The VOA of each ROADM is adjusted to ensure uniform 0-dBm launch power per-

channel in to the transmission fiber with 90-channel WDM input.  These attenuation values are 

stored as a reference for newly added channels.  
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Figure 5.4 (a) Experiment setup of a 5-ROADM amplified optical network, including 4 fiber spans and 8 EDFAs 
with different gain characteristics (b) Wavelength dependent gain spectrum of the first EDFA (c) Wavelength 
dependent gain spectrum of the second EDFA. 
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5.4 Experimental Results 

In this section, we will discuss the data collection, the architecture of the deep neural network, 

the training process, the power excursion prediction using the trained deep neural network, and 

wavelength selection and switching based on the predicted power excursions. The performance of 

ridge regression and random forest methods are evaluated against the deep neural network for 

comparison purposes. 

5.4.1 Data Collection 

The first step in learning the complex optical power excursion response is extensive data 

collection of the power excursion response under a variety of channel loadings. However, such a 

data collection process is time-consuming due to the speed limitation of hardware actuation and 

software control. In this experiment, the collection of each data sample takes approximately 3 

seconds on average, including the latency of control signaling, wavelength switching operation 

along an optical path, and power excursion measurement. Data collection might even take longer 

in commercial large-scale systems, and thus potentially becomes a key obstacle to using the 

machine learning in commercial-scale ROADM systems. In later sections, we will discuss methods 

to overcome these implementation issues.   

In this experiment, three types of data sets are collected—training set, validation set, and test 

set.  The training set is used to train the deep neural network; the validation set is used to evaluate 

how well the deep neural network is trained and which parameters provide optimal prediction; the 

test set is collected for evaluating the prediction accuracy and the performance of wavelength 

switching of the trained deep neural network. In our experiment, 210 validation cases and 210 test 

cases are first collected. Each case contains 40 data samples that are collected as the following 

process: 40 available wavelength positions for adding a new channel are randomly selected, and 

the maximal power excursion among all initial channels is measured by switching on and off these 

40 wavelength positions one by one. 1680 training cases are collected for training the deep neural 

networks, and the number of the training cases is determined by online training which will be 
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discussed in Section 5.4.3. Thus, 2100 data sets (i.e., 84000 data samples) are collected for this 

experiment, taking approximately 70 hours for collection. 

5.4.2 Architecture of The Deep Neural Network 

A deep neural network shown in Figure 5.5 is built to predict the power excursion that occurs 

when adding a new channel into the ROADM system. Note that a densely-connected deep neural 

network is used for this experiment rather than a convolutional deep neural network [117]. The 

reason is that a convolutional deep neural network is mainly used for high-dimensional data, and 

it uses a set of local filters to reduce the number of connections between input features and reduce 

the time complexity. However, for the task of power excursion prediction, switching a wavelength 

on one channel (i.e., a change of an input feature) causes power changes on all surviving channels. 

Such behaviors are difficult to be predicted, making the design of local filters difficult without a 

deep knowledge of the system and the physics behind power excursions. For these reasons, we 

implement the densely-connected deep neural network to build the full map of nonlinear inter-

dependencies between input features.  

The input to the neural network is represented with 180 features by a 180-bit binary array, where 

a ‘1’ represents that the wavelength channel is on and a ‘0’ represents that it is off. The first 90 

binary input features are used to represent the wavelength locations of the surviving channels, and 
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Figure 5.5 The architecture of the deep neural network. The input layer contains 180 features, representing the 
‘on’ or ‘off’ state of surviving channels and new channels. Four hidden layers have 180 neurons, 120 neurons, 30 
neurons, and 15 neurons, respectively. The output layer contains a single output, representing the maximum power 
excursion among all surviving channels. 
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the next 90 binary input features represent the wavelength locations of new channels. Note that it 

is possible to use continuous-valued input such as the channel input power of each wavelength to 

achieve higher accuracy. But for this experiment, the input power is leveled to uniform 0 dBm per-

channel to minimize the input power variation so that the 180-bit binary input is sufficient to make 

accurate prediction. The output we aim to predict is the maximum power excursion among all 

surviving channels. 

The optimal neural network architecture is determined by varying a number of parameters 

including: the number of hidden layers, the number of neurons per layer, the activation function 

of hidden layers, the number of iterations (or epochs), the learning rate, the L2 regularization term, 

and the dropout rate. Table 5.1 summarizes the optimized parameters used for training the deep 

neural network. The performance is determined by minimizing the cost function of root mean 

square error (RMSE) of the validation set.  
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The RMSE can be interpreted as the standard deviation of the difference between observed and 

predicted values (in dB). A lower RMSE indicates a more accurate prediction. The architecture 

with the lowest validation RMSE depicted in Figure 5.5 includes 4 hidden layers containing 

contain 180 neurons, 120 neurons, 30 neurons, and 15 neurons, respectively. The 4 hidden layers 

use a combination of tanh and ReLU activations functions. The activation function of the output 

layer is linear because the predicted maximum power excursion is a continuous value. Other 

Table 5.1 Parameters of the optimized deep neural network 

Parameter Value 

Units of each hidden layer (180,120,30,15) 

Activation function of each hidden layer (tanh, tanh, Relu, Relu) 

L2 regularization 0.001 

Dropout rate 0.1 

Initial learning rate 0.005 

Decay per epoch 0.01 

Tolerance 10-4 

Number of epochs 217 
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optimized parameters are summarized in Table 5.1, and the details of the training process are 

discussed in the next section. 

5.4.3 Training 

    Since data collection is a time-consuming process, it is important to determine the appropriate 

number of training samples that can minimize the data collection time while still ensuring high 

prediction accuracy. With a small number of training samples, the deep neural network tends to 

over-fit these specific training samples with a low training error. However, the small number of 

training samples is often not able to represent the full set of complex power excursion behaviors 

in the ROADM system. As a result, the trained model would cause a high variance that generates 

a high prediction error for the test samples as new data samples have not seen by the trained deep 

neural network. As the number of available training samples increases, the deep neural network is 

generalized better that can effectively reduce the variance and improve the power excursion 

prediction accuracy. However, the prediction is unlikely to achieve zero error because of the 

existence of a small bias that limits further improvement of learning performance, and as a result 

the deep neural network performance might saturate at some point. The bias in this experiment 

mainly arises from system’s randomness such as time-varying penalties (e.g., temperature change 

and device aging) and measurement inaccuracy (e.g., the OCM has a ±0.1 dB precision for power 

excursion measurement), and it may happen that two data samples with the same input features 

give rise to different target output. 

As mentioned in Section 5.4.1, 210 validation cases and 210 test cases are first collected in this 

experiment. To determine the number of training samples that is needed to train the deep neural 

network, an online training algorithm is implemented in the control plane. The online training of 

the deep neural network contains repetitive processes to increment the number of available training 

samples and check the test error to determine if the training process should be terminated or not. 

For each process, 168 more training cases (i.e., 6720 more training samples) are added to the 

training set to train the deep neural network and calculate the RMSE of the training cases (i.e., 

168×n training cases in total at nth cycle) and 210 testing cases. Online training continues until the 

test RMSE does not decrease with two consecutive processes. Figure 5.6 illustrates the training 

RMSE and test RMSE over a varying number of training samples (also called the learning curve) 

during online training of the deep neural network. The training error curve shows the difference 
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between the prediction based on the training data compared against the actual training data; 

whereas the test error curve shows the error in predicting the power excursion for different sets of 

random data (the test set). With just 6720 training samples, there is a large gap between the training 

RMSE and the validation RMSE, indicating a poor generalization of the deep neural network due 

to the high variance between the training data and test data. With the increased number of training 

samples, the training error and the test error start to converge as the deep neural network learns 

better generalization of complex power excursions from the training data. However, there still 

persists a small gap due to the inherent variance of the samples. Note that such inherent variance 

could be further reduced using appropriate training samples that can better generalize the complex 

power excursions in the ROADM system using k-fold cross-validation [118].  

The deep neural network shown in Figure 5.5 is trained to minimize the RMSE using mini-batch 

stochastic gradient descent with a mini-batch size of 64 utilizing TensorFlow [119]. In order to 

prevent overfitting, regularization techniques, including L2 regularization [120] and dropout [121] 

are implemented. Several combinations were tested with a varying L2 regularization value and  

dropout rate in each hidden layer, and we found an L2 regularization of 0.001 and a dropout rate 

 

Figure 5.6 The training RMSE and the test RMSE as a function of the number of training samples 
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of 0.1 can effectively prevent overfitting and achieve low RMSE. The initial learning rate is set to 

0.005 and is adapted in the training stage to allow for fine weight updates. The learning rate 

adaptation is multiplied by 0.99 (i.e., 1-decay) every epoch. 

It is also important to reduce the training time as a long training time can add significant cost 

and service delays. In order to minimize the training time while maintaining a high prediction 

accuracy, the training process should be terminated early if further training does not provide 

enough user-specified performance improvement. One important metric is the number of epochs 

in the training stage that is linearly proportional to the number of epochs. An epoch is defined as 

a whole forward propagation and a backpropagation of all training samples. With 67200 available 

training samples and a mini-batch size of 64, one epoch includes 1050 iterations. In this experiment, 

the trade-off between the prediction accuracy and the number of epochs is evaluated by comparing 

the accuracy of the neural network predication using the validation set. Figure 5.7 shows the RMSE 

of the training set and the validation set in the training stage as a function of the number of epochs. 

Initially, the RMSE of both the training set and the validation set significantly decreases with the 

increased number of epochs as the deep neural network tends to converge to a lower RMSE during 

 

Figure 5.7 Training RMSE and validation RMSE as a function of the number of epochs during the training process.  
The training process is terminated at the 217th epoch with the validation RMSE of 0.104. 
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training. However, after approximate 200 epochs, although small fluctuations exist, the validation 

RMSE shows minimal improvement. In fact, the RMSE of the validation set is 0.103 dB after 200 

epochs and 0.100 dB after 900 epochs. In order to minimize the training time while maintaining a 

great prediction accuracy, early termination is triggered that if three consecutive epochs fail to 

decrease the validation RMSE, the deep neural network is perceived to reach the near-optimum 

point and the training process is terminated. By introducing early termination, the training is 

terminated at the 217th epoch with a validation RMSE of 0.104 dB. Compared with the validation 

RMSE of 0.100 dB at 900th epoch, there is negligible performance difference, but the training time 

is reduced by more than a factor of four. Note that early termination is also widely used to prevent 

overfitting [122]. But in this experiment, the main purpose of early termination is to reduce the 

training time because overfitting is already minimized using L2 regularization and dropout.  

5.4.4 Power Excursion Prediction and Optimal Wavelength Switching 

Following the completion of the training process, power excursion prediction and wavelength 

switching performance evaluation are carried out against the test set. For comparison purposes, 

ridge regression [123], random forest [124], and support vector machine [125] methods are also 

evaluated against the test set. For the ridge regression model, the regularization parameter is tuned 

to 0.01 through cross-validation. For the random forest model, 200 trees (with 180 features being 

considered for each tree) are found to provide the best performance while ensuring minimal 

training time. For the support vector machine model, a radial basis function kernel is used with the 

penalty parameter of 1.0 [126].  

First, the computation complexity and training time of different machine learning methods is 

analyzed as shown in Table 5.2. Support vector machine has a substantial time complexity since 

its computation time is directly proportional to the cubic of the number of training samples, and 

thus its computational time does not scale well to a large number of training samples. For this 

reason, its performance is not evaluated for comparison purposes. On the other hand, the ridge 

regression model has the lowest time complexity in both training and prediction, at the price of 

higher errors of power excursion prediction that will be detailed shortly. The time complexity 

difference between the deep neural network and the random forest is not obvious, because either 

method depends on various parameters. In this experiment, the measured training time is 463.2 

seconds for the deep neural network and 393.7 seconds for the random forest on a i7 4-core PC.  
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Thus, their training time is comparable in this experiment, but the deep neural network 

demonstrates a better prediction accuracy that will be addressed later. 

The performance of the deep neural network is evaluated against different metrics on the test 

set to show its effectiveness to mitigate power excursions. Note that these evaluations are 

conducted over a finite size, randomly generated training and test data set within a very large space 

of possible values and therefore this bound may not guarantee accuracy over the full range of 

possible events. First, the RMSE and the maximal prediction error of the entire test set are 

evaluated, and the results are summarized in Table 5.3. A lower RMSE indicates a more accurate 

power excursion prediction over the test set. Similarly, a lower maximal prediction error reveals a 

better prediction over corner test cases. The deep neural network outperforms ridge regression and 

random forest by more than a factor of two in the RMSE and the maximal prediction error. The 

random forest model results in a worse performance because it is not able to learn the complex 

nonlinear inter-dependencies among 180 input features with the given 67200 training samples. 

Getting more training samples may help to improve the performance, but requires longer data 

collection time. The ridge regression model performs worse than the deep neural network because 

ridge regression does not take into account the inter-dependencies between input features. Figure 

5.8 shows the weights associated with each feature for ridge regression, which indicate the 

Table 5.2 Computational complexity and training time of different machine learning algorithms 

Algorithm Training complexity 
Prediction 

complexity 

Measured 

training time 
Annotation 

Ridge 

regression 
O(n*k2) O(k) 0.9 seconds Matrix multiplication 

Random forest O(ntreesqrt(k)nlog(n)) O(ntree) 593.7 seconds 
ntree: the number of trees 

in the forest 

Deep neural 

network 

O(in*(kn1+n1n2+… 

+nl-1nl+ nlno)) 

O(kn1+n1n2+… 

+nl-1nl+ nlno) 
463.2 seconds 

nl: number of neurons in 

lth hidden layer 

no: number of neurons in 

output layer 

i: number of epochs 

Support vector 

machine 
O(k*n3) O(k*nsv) >1 hour 

RBF kernel.  

nsv: Number of support 

vectors 
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influence of each feature on estimating the maximum power excursion. The sign on each weight 

indicates whether the presence of a corresponding surviving channel (the first 90 features) or the 

addition of a corresponding new channel (the next 90 features) will exacerbate or mitigate the 

power excursion. It can be seen that for surviving channels, channels close to the short-wavelength 

end tend to increase the power excursion, but other surviving channel locations tend to decrease 

the power excursion. For the new channels, channels close to both sides of the spectrum tend to 

increase the power excursion, but central channels will reduce the power excursion. But, ridge 

regression completely neglects the nonlinear feature interdependency that exists for varying 

channel loadings. For example, the weight of a new channel depends on not only the location of 

its own but also the locations of surviving channels; vice versa, the weight of a surviving channel 

Table 5.3 Test RMSE and maximal prediction error using different machine learning models 

Machine learning approach RMSE (dB) Maximal error (dB) 

Deep neural network 0.104 0.8 

Random forest 0.281 2.7 

Ridge regression 0.273 2.3 

 

 

Figure 5.8 The estimated weights by the ridge regression model. The weights indicate that channels close to the 
sides of spectrum have a higher impact on the power excursions. However, the ridge regression model assigns 
independent weights and completely neglects the nonlinear interdependency between features. 
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also depends on the locations of new channels. Unlike the random forest model, getting more 

training samples will not improve the performance as it is limited by its inability of learning feature 

inter-dependencies. 

The test errors using different machine learning models can be viewed in Figure 5.9. In this 

experiment, the measured power excursions range from 0 dB to 3.5 dB, and black dashed lines in 

Figure 5.9 indicate the perfect prediction. The scatters show the prediction errors due to the 

imperfect prediction. The deep neural network obtains significantly lower errors between the 

actual power excursions and the predicted power excursions, and its accuracy is stable over the 

entire power excursion range. On the other hand, both ridge regression and random forest models 

result in high prediction errors; particularly, the power excursion is largely underestimated when 

the actual power excursion is above 2 dB. 

Second, we evaluate the means square error of the channel (MSEC) at a particular wavelength. 

A low MSEC indicates a high prediction accuracy for the particular wavelength, while a high 

MSEC indicates that the particular wavelength may not be considered as a potential candidate for 

wavelength switching operation due to a substantial prediction error (and more false classifications 

as detailed later). Figure 5.10 shows the MSEC of 10 wavelength locations, which reveals the error 

magnitude for each wavelength. The deep neural network efficiently keeps the MSEC below 0.02 

dB2 across all 10 wavelength locations, while the maximal MSEC using ridge regression and 

random forest can be as large as 0.11 dB2 and 0.13 dB2, respectively. Moreover, the MSEC is 

stable among all 90 channel wavelength locations with a standard deviation of 0.004 (Note that 

only 10 wavelengths are shown in the figure), indicating that the deep neural network 

        

Figure 5.9 Predicted power excursion vs. measured power excursion over the test set. (a) Deep neural network (b) 
Ridge regression (c) Random forest. 
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is trustworthy to make an accurate prediction over the entire spectrum. In contrast, ridge regression 

and random forest result in much higher standard deviations of 0.03 and 0.04, respectively. 

Third, we evaluate the δ–recommendation accuracy for 210 test cases. The δ–recommendation 

accuracy is the proportion of test cases in which the deep neural network is able to recommend a 

wavelength with a power excursion within the ±δ margin from the actual minimal power excursion. 

The actual minimal power excursion is achieved switching on the optimal wavelength among 40 

wavelength candidates of each test case. A higher δ-recommendation accuracy indicates the model 

is able to accurately recommend wavelengths for wavelength switching operation within a tighter 

power excursion bound. Figure 5.11 shows the δ-recommendation accuracy as a function of the 

±δ margin using the deep neural network, ridge regression, and random forest, respectively. Note 

that the minimum ±δ margin is ±0.1 dB in this experiment, taking into account the ±0.1 dB 

precision in the power excursion measurement using OCMs. When the ±δ margin is set to ±0.1 

dB, such that the system has the strictest requirement of wavelength assignments (i.e., the exact 

optimal wavelength must be predicted by the model), the deep neural network can recommend the 

 

Figure 5.10 The MSEC as a function of wavelength locations using different machine learning models. The deep 
neural network not only provides less prediction error but also more stable performance across the entire 90-
channel spectrum. 

 



119 
 

optimal wavelength among 40 wavelength candidates over 79.5% of the time (i.e., 167 test cases 

out of 210 test cases), while ridge regression and random forest only achieves 41.4% and 56.7% 

δ-recommendation accuracy. When the ±δ margin increases to ±0.4 dB (i.e., the actual power 

excursion of switching on the recommended wavelength must be within ±0.4 dB from the minimal 

power excursion), the δ- recommendation accuracy of the deep neural network is 100%, while the 

recommendation accuracy of ridge regression and random forest are only 89.5% and 96.2%. We 

also note that although random forest demonstrates a better accuracy than ridge regression under 

a small ±δ margin, its performance gets saturated when the ± δ margin is over ±1.0 dB (which is 

not the case for ridge regression). This result indicates that although ridge regression and random 

forest show similar RMSE on average, their inherent performance for certain test cases is different. 

Ridge regression performs stable prediction performance over all test cases; while random forest 

predicts some test cases pretty well but others poorly, especially for the test cases with high power 

 

Figure 5.11 δ-recommendation accuracy as a function of the ±δ margin from the actual minimal power excursion. 
For δ=0.1 dB, the deep neural network is able to recommend the wavelengths 79.5% of 210 test cases. For δ=0.4 
dB, the deep neural network is able to recommend the wavelengths 100% over the time.  
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excursions (but the good and poor predictions cancel out, resulting in a similar RMSE to ridge 

regression). 

Next, the classification accuracy is assessed for different power excursion thresholds using 

receiver operating characteristic (ROC) curves as shown in Figure 5.12. A better classification 

accuracy indicates a more powerful model that is able to separate good wavelength candidates 

from the bad ones for a given system power excursion threshold. In this experiment, the 

classification accuracy is checked against two different power excursion thresholds—0.5 dB and 

1.5 dB—in according to the system QoT requirement reported in Chapter 3. The classification is 

evaluated by two metrics: (i) the ability to separate positive wavelength candidates from negative 

wavelength candidates, which is quantified by the true positive rate (TPR, also known as recall) at 

a given false positive rate (FPR, also known as fall-out). A positive wavelength candidate means 

that the deep neural network recommends the wavelength for a new channel as being within a 

given decision threshold, and a negative wavelength candidate means that the deep neural network 

rejects the wavelength for a new channel as being outside a given decision threshold. Note that the 

decision threshold (which is the power excursion in dB) is used by the machine learning model to 

determine whether a potential wavelength candidate is positive or negative, which is different from 

the system power excursion threshold. TPR is the ratio of correct positive predictions to all actual 

positives, and FPR is the ratio of incorrect positive predictions to all actual negative predictions. 

Those parameters are summarized in Table 5.4. Note that we will also use precision later for 

performance evaluation, which is the ratio of true positives to the number of total positives 

predicted. A perfect classification model is able to obtain 100% TPR while maintaining 0% FPR. 

Table 5.4 Definitions of TPR, FPR, and precision 

  Predicted class 

Class 1 Class 0 

Actual class 
Class 1 True positives  (TP) False negatives (FN) 

Class 0 False positives (FP) True negatives (TN) 

 

True positive rate (TPR) or recall TP/(TP+FN) 

False positive rate (FPR) or fall-out FP/(FP+TN) 

Precision TP/(TP+FP) 
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Figure 5.12 Receiver operating characteristic (ROC) curves to assess the classification accuracy for different 
system power excursion thresholds. (a) 0.5-dB threshold (b) 1.5-dB threshold. 
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The ROC curve is formed by connecting all TPR/FPR pairs, each of which corresponds to a 

different decision threshold; (ii) The area under the ROC curve (AUC). The AUC varies from 0.5 

to 1, where 0.5 is the performance of a random classification model and 1 is the performance of a 

perfect classification model. Figure 5.12 shows the classification accuracy under 0.5 dB and 1.5 

dB thresholds using the deep neural network, and the performance is compared to ridge regression 

and random forest models. For the 0.5-dB power excursion threshold, the deep neural network 

obtains the best classification accuracy with a TPR of 80.4% while ensuring the FPR less than 1% 

and the AUC of 0.977. To obtain this TPR/FPR pair, the decision threshold is set to 0.3 dB. When 

the system power excursion threshold is increased to 1.5 dB, the deep neural network obtains the 

TPR of 97.1% with less than 1% FPR and the AUC is 0.995. Ridge regression and random forest 

models perform much worse in classification. For the 0.5-dB power excursion threshold, in order 

to ensure the FPR less than 1%, the ridge regression and the random forest can only get a TPR of 

23.4% and 43.2%, respectively. For the 1.5-dB power excursion threshold, in order to ensure the 

FPR less than 1%, the ridge regression and the random forest can only get a TPR of 81.4% and 

50.2%, respectively. We also note the interesting behavior of random forest for which the 

classification accuracy goes down (with an AUC from 0.947 to 0.883) when the system power 

excursion threshold is increased from 0.5 dB to 1.5 dB. This indicates that random forest tends to 

estimate the power excursion to be less than 1.5 dB when the actual power excursion is above 1.5 

dB. This result is in agreement with the previous δ–recommendation accuracy analysis. 

Finally, we evaluate the PTPR, which is defined as the precision at a specific TPR under a 

specific system power excursion threshold. The precision is the ratio of true positives to the number 

of total positive values predicted, thus a 100% PTPR indicates zero false negatives. Keeping a high 

PTPR is important because minimizing the chance of adding a channel with a power excursion 

beyond the system margin (which may disrupt the whole transmission system) is more important 

than missing a possible valid channel candidate. Thus, a high PTPR guarantees reliable system 

operation with a minimal possibility of system disruption due to wavelength switching. Figure 

5.13 shows the PTPR curve with 0.5-dB and 1.5-dB power excursion thresholds using different 

machine learning models. For the 0.5-dB power excursion threshold, the deep neural network 

obtains a precision of over 99% while ensuring a TPR of greater than 76% (i.e., ensure less than 

1% false positives but also misses roughly 24% valid wavelength candidates). For comparison, 

ridge regression and random forest only obtain the TPR of 13.1% and 35.4% respectively in order 
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Figure 5.13 PTPR curves using different machine learning models (a) 0.5-dB threshold (b) 1.5-dB threshold. 
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to achieve the precision of 99%. For the 1.5-dB power excursion threshold, the deep neural 

network is able to obtain a 100% precision while obtaining a 96.4% TPR (i.e., ensure zero false 

positives while missing only 3.6% valid wavelength candidates). On the other hand, ridge 

regression and random forest only obtain the TPR of 80.6% and 44.7%, respectively, in order to 

achieve the precision of 100%. 

5.5 Scalability of the Machine Learning Approach 

The results proposed in the previous sections reveal that the deep neural network can efficiently 

reduce and in some situations bound the power excursion in a 90-channel ROADM system 

including 4 SSMF spans and 8 EDFAs, thus allowing non-disruptive wavelength switching 

operation. However, it is important to address how the machine learning approach will scale with 

different networks. Future work needs to consider the scalability and implementation in large-scale 

mesh networks. Mesh optical networks involve a larger number of spans and optical amplifiers 

resulting in an increase in complexity. Methods to address this in future work can be twofold as 

follows. 

First, practical WDM transmission systems are developed in a mesh topology containing 

multiple multi-degree ROADM nodes. As shown in Figure 5.14, network edges that connect pairs 

of ROADM nodes may carry channels with different wavelengths (i.e., the set of wavelengths 

entering each EDFA is different), and each edge may also contain a different number of EDFAs. 

In these situations, machine learning that is trained in a distributed manner can be used to reduce 

the learning complexity as shown in Figure 5.14. An individual machine learning model can be 

applied to predict the output power along individual edges. Using a centralized SDN controller, 

the resulting power excursions can be predicted by combining the individual prediction algorithms 

along the edges of the lightpath. Moreover, the SDN controller needs coordinate lightpath setup 

that traverses multiple edges, taking into account the wavelength continuity and the system QoT. 

The architecture of the centralized SDN solution will be detailed in Chapter 6, but the 

implementation of distributed machine learning models is beyond the scope of the dissertation and 

will be investigated in future work. 

Second, it is important to address how the machine learning approach will scale with a different 

network, especially for a practical transmission system with the increased dimensions and 

complexity. It is very common to have commercial system or hardware upgrade to support higher 
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capacity, and it is impractical to train a new system every time from scratch. In order to avoid the 

time-consuming training data re-collection and machine learning model re-training, transfer 

learning can be applied to migrate the knowledge trained under one transmission system to a new 

transmission system [127]. Previous work has used transfer learning to predict different 16-QAM 

 

Figure 5.14 Illustration of the machine learning approach that individual machine learning models are trained in 
a distributed manner. Different colors represent amplifiers from different vendors. For a new end-to-end 
connection request (dashed red line), the output power can be estimated by combining the prediction of individual 
neural network models. 
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Figure 5.15 Illustration of transfer learning.  
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systems using a trained deep neural network under a QPSK/16QAM system with just 20 new 

training samples [128]. Similarly, a reference system can be trained in the test lab before 

deployment and then transfer learning can be used on new systems for power dynamics prediction 

at the time of initial deployment as shown in Figure 5.15. Online learning can further refine the 

machine learning model over time as more data become available and the system performance 

evolves [129]. The prediction of the power excursion response in different transmission systems 

using transfer learning and online learning will be investigated in future work. 

5.6 Conclusion 

In this chapter, a deep neural network is implemented to predict the dynamic power excursion 

response of a 90-channel ROADM transmission system, containing 4 SSMF spans and 8 EDFAs 

with different gain characteristics. The deep neural network is able to learn the complex optical 

power excursion response with 67200 training samples and obtains a 0.1-dB RMSE for 8400 

random test samples. Based on the predicted power excursions, the deep neural network is able to 

recommend wavelengths within ±0.4 dB from minimum power excursions with a 100% accuracy. 

Moreover, the deep neural network can recommend valid wavelengths for wavelength switching 

operation with a precision of 99% over the test samples. The deep neural network was also shown 

to be far more effective than regression and random forest models. This work is a first step to apply 

a machine learning approach for wavelength switching while ensuring minimum power excursions. 

The future work will investigate the deep neural network approach in large-scale networks along 

with transfer and online learning techniques for practical implementations. 
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Chapter 6 TSDX Based Impairment-Aware Transparent Inter-

Domain Exchange  

6.1 Introduction 

    The emergence of software-defend networking (SDN) as an important control and management 

framework has created a new opportunity to realize a standardized control system that enables 

programmable optical transmission systems and in particular the wavelength layer functions such 

as lightpath setup through wavelength switching operation [39,40,53]. SDN protocols such as 

OpenFlow have been extended to include optical system control and management functionality, 

giving a potential IP/Ethernet and optical network convergence [130-132].  

While the use of SDN provides the potential for real-time wavelength switching, its scalability 

and flexibility are limited by the physical layer SDN controller implementation, taking into 

account the complexity of physical layer impairments. Control planes for commercial optical 

systems today are proprietary, and decisions are made by network operators using off-line tools 

such as quality of transmission (QoT) [61, 62] estimators and path computation elements (PCE) 

[46]. Moreover, optical components essential for lightpath setup are also proprietary, including the 

optical amplifiers, wavelength selective switches (WSSs), etc. Situations become even more 

difficult when an optical system spans over several network domains (a network domain is a 

subnetwork under the control of a private operator) with sole or separate network operators because 

each network operator may have different criteria for service level agreement (SLA) guarantees. 

Today’s multi-domain systems use Internet exchange points (IXPs) as intersection nodes between 

different domains to exchange information. IXPs are located at central offices (COs) and use 

border gateway protocol (BGP) to exchange layer 3 (IP layer) routing configurations and 

reachability information. Software-defined Internet exchange (SDX) approaches have been 

proposed to solve the long-standing problem of inter-domain routing and enable control flexibility 

in layer-3 networks [58, 59]. However, signals must go through optical-to-electrical-to-optical 

(OEO) processing at the inter-domain IXPs to provide SLA guarantees.  OEO processing during 

inter-domain communication causes problems of performance, cost and security, such as queuing 

delays, electro-optic conversion energy cost, and vulnerability to digital signal hacking. As a result, 
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elimination of OEO processing and implementation of pure optical signal transmission for inter-

domain communication in the physical layer has the potential to enhance network performance. 

In this chapter, we discuss the design and implementation of a transparent software-defined 

exchange (TSDX) control system. The results described in this chapter have been published in 

[133-135]. In order to realize TSDX, optical signal quality monitoring methods should be 

introduced, and new control mechanisms are required to perform impairment-aware negotiations 

between network domains based on the transmission quality, while preserving domain autonomy 

and confidentiality. We identify three key characteristics of our proposed TSDX control system: 

(1) a centralized orchestrator that coordinates operations across different domains through local 

controllers with unified resource abstraction, (2) local controllers that provide the capabilities of 

intra-domain resource management and operation, and (3) physical layer agents that turn non-SDN 

optical devices into SDN controllable ones. Advanced real-time optical performance monitors 

(OPM) that provide real-time optical signal to noise ratio (OSNR) measurement are another 

important integral to the TSDX control system. With the help of TSDX and OPM based real-time 

OSNR monitoring, SLA requirements can be guaranteed through system reactions. Previous 

related work has studied optical system reactions including impairment-aware rerouting [66], 

adaptive modulation [68], and adaptive coding [136] in a single-domain network, while their 

scalability in a multi-domain network related to TSDX orchestration has yet to be explored. In this 

chapter, we experimentally verify impairment-aware wavelength rerouting and code adaptation in 

our 6-ROADM multi-domain optical network testbed using the proposed TSDX control system. 

The remainder of the chapter is organized as follows. We describe the architecture of IXPs in 

TSDX in Section 6.2.  In Section 6.3, we detail the TSDX architecture and the implementation of 

the orchestrator, local controller, and agent. In Section 6.4, the procedures for OSNR degradation 

localization, wavelength rerouting, and code adaptation are discussed. The details of the 

experimental setup are provided in Section 6.5. Experimental results with regard to wavelength 

rerouting and code adaptation are discussed in Section 6.6 and Section 6.7, respectively. We draw 

the conclusion in Section 6.8. 
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6.2 Internet Exchange Points with TSDX    

Figure 6.1 illustrates the general structure of an IXP with TSDX capabilities. In traditional IXPs, 

optical signals are converted to electrical signals at the drop port receivers of the reconfigurable 

optical add-drop multiplexer (ROADM), and then are routed to another domain through L3 

electrical routers using BGP. Differently, IXPs with TSDX realize information exchange entirely 

in the optical layer. Selected wavelength channels are directly connected to alien 

wavelength/optical add ports of the edge ROADM of another domain, which are referred as optical 

express connections (OECs). However, since the optical signals are transparently exchanged, 

forward error correction (FEC) and associated OEO processing based performance monitoring are 

no longer available, motivating new performance monitoring techniques entirely in the optical 

layer to guarantee SLA requirements. Thus, OPMs are implemented at different locations in each 

domain for this purpose, providing independent verification at each OEC. Note that in this chapter, 

we focus on the use of OPMs for real-time OSNR measurement; in fact, different types of OPMs 

can be used for measuring a variety of physical layer impairments, such as chromatic dispersion, 

polarization-mode dispersion, and fiber nonlinearities [63, 64]. Given that the multi-domain 

environment is more relevant in metro networks, in which the transmission length is relatively 
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Figure 6.1 The structure of an Internet exchange point (IXP) with TSDX. 
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short, fiber nonlinearities are secondary to OSNR; commercial systems are also often operated in 

the OSNR limited power regime to minimize the fiber nonlinearities. Furthermore, coherent 

detection has been deployed in metro-area networks, allowing to resolve the chromatic dispersion 

and polarization-mode dispersion using digital signal processing (DSP) algorithms.  

6.3 TSDX Architecture and Implementation 

6.3.1 SDN-Based Hierarchical Control Architecture 

    We design an SDN-based hierarchical control architecture for the TSDX control system as 

shown in Figure 6.2. The architecture hierarchy consists of three main control-related elements—

Orchestrator, Local Controller, and Agent.  

    Orchestrator: An orchestrator is implemented as a global controller that manages network 

traffic allocation among multiple Local Controllers. The orchestrator also has resource abstraction 

functionality that is provided to higher layer applications or users over its northbound application 

programming interface (API). The Orchestrator abstracts and decouples service-oriented operation, 

such as virtual private networks (VPNs), from the Local Controllers which mainly focus on 

particular network operations, such as path computation and lightpath setup/tear-down. Such 

network abstraction not only provides user-friendly optical network control and management, but 

also guarantees a layer of security and stability by prevent physical layer networks from 

unauthorized or detrimental operations through network virtualization.  

Local Controller: The physical network is divided into multiple domains that are under the 

control of different private network operators. For the confidentiality and security requirements, a 

dedicated and autonomous Local Controller is implemented in each domain for intra-domain 

network control and resource management, such as intra-domain path computation and OSNR 

monitoring. In order to maintain each domain’s confidentiality, only the domain’s Local Controller 

can acquire the details of the physical network of its own, but such details are prohibited from 

being assessed to other Local Controllers. Thus, inter-domain end-to-end path computation and 

lightpath setup/tear-down operation through multiple domains must be done in a collaborative way. 

For example, the inter-domain end-to-end path computation will be divided into multiple intra-

domain path computation tasks for each domain, which are computed and provisioned by its own 

Local Controller. 
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    Agent: Another notable control-related element is the Agent. The Agent is a device-specified 

element with protocol resolution and physical layer element operational control capabilities 

programmed. In fact, the Local Controller functionalities rely on the physical layer to reliably carry 

out physical layer operations. Software controllable optical components have been largely 

deployed in today’s systems, including WSSs, EDFAs, VOAs, OCMs, tunable transceivers, etc. 

Nevertheless, most of current optical components are with proprietary control and do not support 

SDN control. In order to turn non-SDN optical components into SDN controllable ones, the Agent 

is introduced to provide the compatibility with standardized SDN protocols such as OpenFlow. 

The Agent is a device-specific element with OpenFlow protocol extension and physical layer 

element operational control capabilities, allowing the Local Controller to talk to different optical 

components in the physical layer through a unified API. 

6.3.2 TSDX Implementation  

In this section, we discuss the implementation of Orchestrator, Local Controller, and Agent. The 

functional design of the Orchestrator, Local Controller, and Agent is shown in Figure 6.3. In the 

Orchestrator, the traffic engineering database (TED) is implemented to store traffic engineering 
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Figure 6.2 TSDX hierarchical control architecture consisting of three main control-related elements—
Orchestrator, Local Controller, and Agent. 
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information and abstracted network resources. The TED is updated and synchronized with the 

TEDs of the Local Controllers by the resource updating module through RESTful APIs. The 

RESTful API is based on representational state transfer (REST) technology, which is an 

architecture style for developing web applications. The main functionality of the connection 

control and management module is to deal with traffic request triggers and reactions. Finally, the 

path selection module is implemented to handle domain sequence selection of inter-domain 

connection setup/tear-down based on the abstract view of the network. In our experiment, the 

Orchestrator is implemented based on the open-source SDN platform—ONOS [137].    

The Local Controller is in charge of network control and resource management that is related to 

its domain. The TED in the Local Controller keeps record of related domain status, including 

traffic, lightpath, and physical layer information (e.g., OSNR). The Local Controller handles intra-

domain connection setup/tear-down, inter-domain connection setup/tear-down, and code 

adaptation, which are key operational functions responsible for impairment-aware all-optical inter-

domain exchange. The networking monitoring module queries OSNR values at different locations 

related to its domain at a certain interval. Additionally, the path computation module executes 

 

Figure 6.3 TSDX functional design of the Orchestrator, Local Controller, and Agent. 
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routing and wavelength assignment for each network connection based on the current network 

status and connection requirements. These modules exchange information between each other 

through the signaling message exchange module that acts as a hub for different modules. In our 

experiment, we develop the Local Controller based on the open-source Ryu framework by NTT 

labs [138].  

In the Agent, the interpreter module translates extended OpenFlow 1.4 messages (see details in 

Section 6.4) received from the Local Controller to device-specific commands. This module, in 

reverse, translates reply messages from specific devices to extended OpenFlow 1.4 reply messages. 

    To allow the communication between the Orchestrator and the Local Controllers, RESTful APIs 

are implemented to handle incoming HTTP requests and outgoing HTTP replies. In order to enable 

collaborative operations among different Local Controllers, customized Cross-Domain Control 

Protocols (CDCP) are implemented for inter-domain information exchange and negotiations. The 

details of information change between different control-related elements will be discussed in 

Section 6.4.  

6.4 Impairment-Aware Wavelength Rerouting and Code Adaptation 

    In this section, we discuss the detailed procedures of OSNR degradation localization, 

impairment-aware wavelength routing, and code adaptation. OSNR values are measured at 

different network locations in real-time, and the OSNR degradation is caught by Local Controllers 

to identify the location of OSNR degradation. Wavelength rerouting or adaptive coding is then 

triggered to resolve the QoT reduction on the wavelength channel of interest. 

6.4.1 OSNR Degradation Localization   

It is important to determine the location of OSNR degradation to resolve it locally if possible to 

guarantee the SLA requirement. OSNR degradation localization can significantly reduce the 

recovery time compared with the approach of executing end-to-end recovery along an entire 

optical path. In addition, OSNR degradation localization decreases the inter-domain 

communication overhead in the control plane, especially for connections that go across a large 

number of domains.  

In the proposed TSDX architecture, the OSNR degradation localization is achieved by checking 

real-time OSNR values at the IXPs. When OSNR degradation is detected for a channel, 
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wavelength rerouting or code adaptation will be triggered to recover the QoT. When an inter-

domain traffic request arrives, its end-to-end path computation will be executed collaboratively by 

the Local Controllers through CDCP with estimated OSNRs. After the path is established for the 

inter-domain traffic, OSNRs of this wavelength channel at every IXP it goes through, as well as 

those at the sending and receiving ends, are continuously monitored and checked at set intervals. 

If any measured OSNRs fall below a given threshold, the OPM’s agent will raise an alarm to its 

Local Controller to trigger the localization of the OSNR degradation. For wavelength rerouting, if 

OSNR degradation is located inside a domain, intra-domain wavelength rerouting will be triggered 

as the first priority to attempt to recover the QoT. If OSNR degradation is located between domains 

or intra-domain rerouting fails, end-to-end inter-domain rerouting is triggered as a backup option 

to recover the QoT. For code adaptation, if OSNR degradation is detected and located, code 

adaptation is triggered to maintain a desired low BER at a lower OSNR. The detailed procedures 

of wavelength rerouting and code adaptation are described below, and the experiments will be 

discussed in Section 6.5-6.7.    

6.4.2 CDCP: Enabling Inter-Domain Communication for Local Controllers 

We design and implement CDCP to allow inter-domain signaling between Local Controllers, 

which is necessary to perform inter-domain lightpath setup/tear-down, wavelength rerouting, and 

code adaptation. The CDCP can be treated as a simplified Path Computation Element 

Communication Protocol (PCEP) for inter-domain path computation messaging. However, CDCP 

only includes fundamental messages with the least information for inter-domain path computation. 

CDCP include three types of messages: (1) path computation requests and replies, (2) traffic 

setup/tear-down requests and replies, and (3) OSNR monitoring request and replies.  

    For any operation, a timer is set in each Local Controller to prevent the system from freezing if 

any errors occur during operation. For the confidentiality and security requirements, it is important 

to ensure the routing path information inside each domain being exclusively handled by its Local 

Controller. The Local Controller can achieve this by using traffic information that is dispatched 

by the Orchestrator to all the related Local Controllers. Under this circumstance, CDCP can be 

wrapped with the least necessary traffic information for Local Controller-Local Controller 

communication. For example, the inter-domain path computation request (PATH_COMP_REQ) 

contains the traffic ID, route type, and the edge information of the sender’s domain. This 
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information is parsed to obtain the source nodes, wavelength resource availability, and other 

necessary information to be used by the receiver’s Local Controller to perform intra-domain path 

computation. The reply message (PATH_COMP_REPLY) contains traffic ID, route type, and 

implicit routing path information. Similarly, a traffic setup request (TRAF_SETUP_REQ) for 

setting up the lightpath only requires the traffic ID and traffic stage information, allowing the 

lightpath to be set up at the receiver’s domain. Following this, a traffic setup reply 

(TRAF_SETUP_REPLY) is sent back to the sender’s domain to inform whether the traffic setup 

is successful. Similar procedures are followed for the traffic tear-down event. Lastly, an OSNR 

monitoring request (OSNR_MONITOR_REQ) requires the traffic ID and route type to be sent, 

triggering the OSNR measurement of the lightpath matching the traffic ID. The reply message 

(OSNR_MONITOR_REQ) contains the OSNR measurement, and a wavelength rerouting or code 

adaptation is triggered in case of OSNR degradation. 

6.4.3 OpenFlow Extension: Enabling Physical Layer Control 

OpenFlow has been widely seeded in industry for SDN functions in packet networks in recent 

years, but has limited support for optical circuit switched networks. We implemented OpenFlow 

1.4 protocol extensions in Local Controllers for our experiments in order to support optical 

network operations. Note that the protocol extensions also allow tighter binding between the 

packet and optical network equipment, enabling the seamless packet and optical network 

convergence.  

Four types of optical circuit operations are supported using the OpenFlow 1.4 protocol 

extensions: (1) device/Local Controller handshake, (2) OSNR monitoring, (3) traffic setup/tear-

down, and (4) code adaptation. Device/Local Controller handshake is completed during the system 

turn-up. First, each Local Controller sends request messages to devices within its domain to request 

each device’s (i.e., ROADM or OPM) ID. Each device replies a preset unique 4-byte ID (i.e., 

datapath ID in Figure 6.4) to the Local Controller. After the handshape, an ID-to-device map is 

built and stored in the Local Controller’s TED for later communications. 

OSNR monitoring is supported by information exchange between the Local Controller and 

OPM modules. The packet structures of OFPT_GET_OSNR_REQUEST and 

OFPT_GET_OSNR_REPLY messages are illustrated in Figure 6.4.  
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    Traffic setup/tear-down includes the operation of WSSs within ROADM nodes. The traffic 

setup request and reply messages (OFPT_SETUP_CONFIG_WSS_REQUEST and  

OFPT_SETUP_CONFIG_WSS_REPLY) are shown in Figure 6.4. Note that the packet structure 

of the traffic tear-down messages is similar to traffic setup (not shown in this figure). For the traffic 

setup request message, the datapath ID is the unique 4-byte ID and the message ID is a 4-byte 

counter. The ’ITU standards’ field defines the ITU grid to be used. Only fixed 50-GHz and 100-

GHz grids are currently supported but it has the experiment field to incorporate the flexible grid 

into the protocol extensions in the future. Since a ROADM node might contain multiple WSSs, an 

element ID (4-byte) is used to specify the WSS to be controlled. ‘Input Port ID’ and ‘Output Port 

ID’ denote the traffic route of the WSS. ‘Start Channel’ and ‘End Channel’ denote the range of 

channels to be routed. Two 4-byte experiment fields are reserved for future extensions and are 

padded with zeros as default. Based on the request messages, corresponding operations will be 

executed and the results of the operations (i.e. success or the reasons for failures) are sent back to 

the Local Controller. For code adaptation, there are two types of messages communicated between 

the Local Controller and the transmitter—OFPT_CODE_ADAP_REQUEST to change the code 

type and OFPT_CODE_ADAP_REPLY to acknowledge the code adaptation. The detailed 

message types and attributes are illustrated in Figure 6.4. 

P Traffic Setup RequestOSNR Monitoring Request

Traffic Setup ReplyOSNR Monitoring Reply

Code Adaptation Request

Code Adaptation Reply

  0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+
|      Version     |        Type       |            Message Length          |  
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                                  xid                                                 |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Datapath ID                                      |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Message ID                                       |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Node ID                                       |
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Port ID                                                |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Start Channel                                    |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            End Channel                                      |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Code Type                                      | 
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+          

  0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+
|      Version     |        Type       |            Message Length          |  
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                                  xid                                                  |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Datapath ID                                      |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                            Message ID                                       |    
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   
|                                                 Result                                     |
+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+   

 

Figure 6.4 OpenFlow 1.4 protocol extensions to support OSNR monitoring, traffic setup/teardown, and code 
adaptation. 
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As mentioned in Section 6.3, the Agent is used for translating non-SDN devices into SDN 

controllable ones, thus the Agents are also equipped with the aforementioned OpenFlow 1.4 

extensions. 

6.4.4 Impairment-Aware Wavelength Rerouting and Code Adaptation 

    Without loss of generality, we discuss the procedures related to wavelength routing (intra-

domain and inter-domain) and code adaptation in a three-domain network. The traffic originates 

from Domain 1 and terminates in Domain 3. For simplicity, we assume that OSNR degradation 

occurs in Domain 2.  

6.3.4.1 Intra-Domain Rerouting 

Figure 6.5 illustrates the procedures for resolving OSNR degradation for an end-to-end inter-

domain route (Domain 1 to Domain 3) via intra-domain rerouting. When an inter-domain traffic 

request is received by the Orchestrator, the Orchestrator first computes an optical domain sequence 

based on the domain topology from the TED. Then the Orchestrator forwards this traffic request 

together with the calculated domain sequence to all the Local Controllers along the domain 

sequence, and the inter-domain traffic path computation is triggered by the source domain’s Local 

Controller (which is Domain 1 in this case). The path computation of an end-to-end traffic request 

is executed inside each domain sequentially according to the given domain sequence (which is 

Domain 1-Domain 2-Domain 3 in this case). The Local Controller for the source domain first 

calculates the intra-domain paths, and passes the edge information to the next domain’s Local 

Controller through request messages (PATH_COMP_REQUEST). The edge information includes 

edge nodes and links of the intra-domain paths with wavelength resource availability. This 

procedure is executed sequentially by the Local Controllers along the domain sequence until 

reaching the destination domain’s Local Controller. The implicit end-to-end routing path with 

assigned wavelengths will be determined by the destination domain’s Local Controller, and passed 

back to the source Local Controller in reverse through reply messages (PATH_COMP_REPLY). 

Note that the explicit intra-domain path inside each domain is handled by its Local Controller, and 

will not be exposed to other parts of the network. 

After the inter-domain path is successfully computed, the source domain Local Controller 

triggers the inter-domain traffic setup, which is also executed sequentially along the domain 

sequence. More specifically, a Local Controller simultaneously sends setup request messages 
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(OFPT_SETUP_CONFIG_WSS_REQUEST) to the Agents to operate physical layer devices 

based on the computed intra-domain routing path. After all replies have been successfully received, 

the Local Controller sends a traffic setup request (TRAF_SETUP_REQ) to the next domain to 

trigger its intra-domain path setup. The procedure is repetitively carried out until reaching the 

destination domain’s Local Controller. Traffic setup reply messages (TRAF_SETUP_REPLY) are 

then sent to the source Local Controller in reverse, and a traffic reply message (TrafficReply) is 

sent back to the Orchestrator. 

After the inter-domain path is successfully set up, the OSNR values at IXPs are continuously 

monitored. When the measured OSNRs indicate that an OSNR degradation inside a domain, intra- 

domain wavelength rerouting is triggered inside that domain. The OSNRs of the new intra-domain 

path will be verified as well, and the OSNR reply message (OSNR_MONITOR_REPLY) is sent 

back to the source domain and triggers the update of the current traffic state to the Orchestrator. 
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Figure 6.5 The procedures for intra-domain wavelength rerouting in Domain 2. 
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6.3.4.2 Inter-Domain Rerouting    

Inter-domain wavelength rerouting is triggered if: (1) OSNR degradation is monitored at the 

IXPs on both sides of this domain, or (2) The intra-domain wavelength rerouting fails. Figure 6.5 

illustrates the procedures related to inter-domain wavelength rerouting due to the failure of intra-

domain wavelength rerouting in Domain 2. An OSNR monitoring reply message, with a flag 

indicating the failure of intra-domain rerouting, is sent back to the source domain after the intra-

domain rerouting fails. The inter-domain rerouting path computation and setup is then triggered 

by the source domain’s Local Controller. After successful end-to-end inter-domain rerouting, 

OSNRs of the rerouted wavelength channel at the IXPs are checked at set intervals in order to 

guarantee the SLAs. 
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Figure 6.6 The procedures for inter-domain wavelength rerouting due to the failure of intra-domain rerouting in 
Domain 2. 
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6.3.4.3 Code Adaptation        

The procedures of code adaptation are similar to those of wavelength rerouting, but a new FEC 

code is selected and switched instead of setting up a new routing path. The procedures of code 

adaptation due to OSNR degradation in Domain 2 can be viewed in Figure 6.7. When the measured 

OSNRs indicate that an OSNR degradation occurs inside a domain, code adaptation is triggered 

that the code adaptation message is sent to the transmitter (OFPT_CODE_ADAP_REQUEST) for 

code adaptation in order to maintain the desired low BER under the OSNR degradation. A code 

adaptation reply message with a flag indication the result of code adaptation 

(OFPT_CODE_ADAP_REPLY) is sent from the transmitter’s back to the Local Controller. 

 

 

 

Domain 3Domain 2Domain 1
Local 

Controller 1 Agents
Physical 

layer 
devices

Local 
Controller 2 Agents

Physical 
layer 

devices
Local 

Controller 3 Agents
Physical 

layer 
devices

Orchestrator

TrafficRequest

PATH_COMP_REQ
PATH_COMP_REQ

PATH_COMP_REPLYPATH_COMP_REPLY

OFPT_SETUP_CONFIG_WSS_REQUEST

OFPT_SETUP_CONFIG_WSS_REPLY

TRAF_SETUP_REQ

TRAF_SETUP_REQ OFPT_SETUP_CONFIG_WSS_REQUEST

OFPT_SETUP_CONFIG_WSS_REPLY

TRAF_SETUP_REPLYTRAF_SETUP_REPLY
TrafficReply

OFPT_GET_OSNR_REQUEST

OFPT_GET_OSNR_REPLY

OSNR_MONITOR_REQ

OFPT_SETUP_CONFIG_WSS_REQUEST

OFPT_SETUP_CONFIG_WSS_REPLY

OFPT_GET_OSNR_REQUEST

OFPT_GET_OSNR_REPLY

OFPT_GET_OSNR_REQUEST

OFPT_GET_OSNR_REPLY

OSNR_MONITOR_REQ

OSNR_MONITOR_REPLY
OSNR_MONITOR_REPLYTrafficStateUpdate

Inter-domain 
working path 
computation

Inter-domain 
working path setup

OSNR monitoring

Code
adaptation

OSNR monitoring
OFPT_GET_OSNR_REQUEST

OFPT_GET_OSNR_REPLY

OSNR_MONITOR_REPLY

OFPT_CODE_ADAP_REQUEST
Code selection

OFPT_CODE_ADAP_REPLY

TrafficStateUpdate

 

Figure 6.7 The procedures for code adaptation due to OSNR degradation in Domain 2. 
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6.5 Experimental Setup 

    Figure 6.8 shows the SDN-controlled two-domain optical transmission system setup to study 

the TSDX performance. The diagram of the coherent transmitter is shown in Figure 6.8(b). The 

laser sources include a 90-channel continuous-wave (CW) comb source with channel spacing of 

50-GHz (from 1529.2 nm to 1564.7 nm) and an integrated tunable laser assembly (ITLA) laser 

source. Each laser source connects to a 2×1 wavelength selective switch (WSS) to load different 

channel loadings. For each channel loading, the ITLA is tuned to the channel of interest for the 

BER measurement, and other channels are loaded by the 90-channel CW comb source. The 

combined sources are then sent into an I/Q modulator that is driven by an arbitrary waveform 

generator (AWG). In the impairment-aware intra- and inter-domain rerouting experiment (see 

details in Section 6.6), 25 GBaud PM-QPSK signals are used to evaluate the transmission 

performance. In the adaptive coding experiment (see details in Section 6.7), 12.5 GBaud 16QAM 

are used to investigate the performance of the hysteresis-based adaptive coding approach. Note 

that in the code adaptation experiment, adaptive FEC codes under varying transmission quality is 

studied, leading to additional overhead. The modulated signals are sent into the polarization 

multiplexing (PM) module to generate PM data (split and recombine signals with 258 symbol 

delays). Note that for the code adaption experiment, the 12.5 GBaud 16QAM signals bypass the 

PM module. The power of the transmitter is then equally divided into three equal outputs using a 

1×3 splitter, and each output is sent to a different ROADM (ROADM 1 and ROADM 2 in Domain 

1, and ROADM 5 in Domain 2) to create different channel loadings.  

    The two-domain ROADM system is shown in Figure 6.8(a). Six ROADMs are divided into two 

domains controlled by different autonomous Local Controllers. Each ROADM consists of 1×2 or 

1×4 WSSs, per-channel variable optical attenuators (VOA) and optical channel monitors (OCM). 

These ROADMs are separated by standard single-mode fiber (SSMF) spans with various distances. 

In each SSMF span, two dual-stage EDFAs with 18-dB target gain are placed before and after the 

transmission fiber in order to compensate for the loss of the ROADMs and the transmission fiber. 

VOAs (not shown in Figure 6.8(a)) are deployed in each span to increase the span loss to match 

the average 18-dB amplifier gain. ASE noise generators are used to generate OSNR degradation 

at different locations. Four Mach-Zehnder interferometer (MZI) based optical performance 

monitors (OPMs) are placed at different locations for real-time OSNR monitoring. Two OPMs are 
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placed at the IXP for the two domains (i.e., ROADM 3 and ROADM 4), and the other two are 

placed at the transmitter end (before ROADM 1) and the receiver end (after ROADM 6). Optical 

spectrum analyzers (OSAs) are placed at three different locations (marked as a, b, and c in Figure 

6.8(a)) for the spectrum measurement. 

The coherent receiver setup is depicted in Figure 6.8(c). The signals are fed into a tunable 

bandpass filter (TBPF) to select the channel of interest (modulated by the ITLA) for demodulation 

and BER measurement. After amplification, the channel of interest is mixed with an ITLA based 

local oscillator for coherent detection. The two polarizations states, and the in-phase (I) and 

quadrature (Q) components of each polarization state are separated by a polarization beam splitter 

(PBS) and two 90° optical hybrids. Each signal component (i.e., in-phase and quadrature for two 

polarization states) is then converted to electrical current by four balanced photodetectors. Finally, 

the signals are digitalized by a digital phosphor oscilloscope (DPO) with 100GSa/s sampling rate, 

and the digital signals are decoded by DSP algorithms. The DSP algorithms include resampling, 

chromatic dispersion compensation, channel equalization using constant modulus algorithm 

(CMA), frequency offset compensation using Mth-order power schemes, and carrier phase 

recovery using Mth-order power schemes. 
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Figure 6.8 Experimental setup to study the TSDX performance. (a) The SDN-controlled two-domain optical 
transmission system (b) The diagram of the coherent transmitter. The AWG supports different modulation 
formats, baud rates, and forward error correction (FEC) (c) The diagram of the coherent receiver  (d) The 
schematic of the Mach-Zehnder interferometer based optical performance monitor (OPM) for OSNR 
measurement. 
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    The diagram of the optical performance monitor is shown in Figure 6.8(d). The channel of 

interest is selected by the TBPF for real-time per-channel OSNR monitoring. When an optical 

signal passes the Mach-Zehnder interferometer (MZI), it will experience constructive and 

destructive interference in the MZI. Differently, amplified spontaneous emission (ASE) noise is 

non-coherent and will be evenly distributed after the MZI. By using a 3 dB optical coupler and 

two power meters, the powers of two output ports (i.e., one beam is time-delayed to the other by a 

certain interval) are measured for OSNR calculation. Before the experiment, we measure the ratio 

between the powers of the constructive and the destructive ports as α when only the optical signal 

is sent through the OPM (i.e., at a very high OSNR). Similarly, we measure the ratio between the 

powers of the constructive and the destructive ports as β when only ASE noise is transmitted. With 

the knowledge of α and β, we can obtain the OSNR of any signal from the measured constructive 

and destructive powers as illustrated in Eq. (6-1). The principles and implementation details of the 

OPM can be found in the previous work [139, 140].  

 

 

Figure 6.9 Measurement error of OPM as a function of the actual OSNR. <0.5 dB accuracy is achieved for actual 
OSNR values of <23 dB. 
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    Figure 6.9 shows the accuracy of the OPM for OSNR measurement as a function of the actual 

OSNR at 1550.12 nm with 25 GBaud PM-QPSK. For actual OSNR levels of <23 dB, the OPM 

achieves <0.5 dB error. Note that high accuracy in OSNR measurement is more important for low 

OSNR levels, because the QoT can become marginal for low OSNR levels. The accuracy of the 

OPM for OSNR measurement under 12.5 GBaud 16QAM is also evaluated that the error is <0.3 

dB for the 10 dB-13 dB OSNR range we use in the experiment.  

    We set the initial experimental configurations for the two-domain optical transmission system 

as follows. With 90-channel DWDM input, the VOA of each ROADM is adjusted to ensure 

uniform -2 dBm launch power (i.e., the input power into the transmission fiber) per-channel to 

minimize the fiber nonlinearity based impairments. These attenuation values are stored as a 

reference for newly added channels in later experiments. A small portion of the 90 channels 

(around 15 channels) is randomly loaded as the initial channel loading.   

6.6 Real-Time Impairment-Aware Intra- and Inter-Domain Wavelength 

Rerouting 

    In this section, we discuss TSDX based real-time impairment-aware rerouting through two 

scenarios—intra-domain rerouting and inter-domain rerouting. The control policy was described 

in Section 6.4. ASE noise is manually introduced to generate OSNR degradation for the channel 

of interest at different locations as shown in Figure 6.10. In the intra-domain rerouting experiment 

(Scenario 1), ASE noise is introduced to the fiber link between ROADM 4 and ROADM 6 in 

Domain 2. In the inter-domain rerouting experiment (Scenario 2), ASE noise is introduced the 

fiber link between ROADM 2 and ROADM 3 in Domain 1. The OSNR threshold is set to 18 dB 

for both scenarios (which corresponds to pre-FEC BER of 1.6×10-3. The channel of interest is at 

1540.6 nm through the shortest route between ROADM 1 and ROADM 6 (i.e., ROADM 1-2-3-4-

6). The OSNR is measured in both domains at different locations. 

For intra-domain rerouting, the OSNR values are above 20 dB in Domain 1 (so that there is no 

need for intra-domain rerouting in Domain 1) but OSNR degradation occurs in Domain 2 due to 

the ASE noise injection. OSNR monitoring requests are sent from the Local Controllers to the 
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Agents, and the reply messages show the OSNR degradation in Domain 2. The Local Controller 

in Domain 2 would try to resolve the OSNR degradation through intra-domain rerouting. Figure 

6.11(a) and Figure 6.11(b) shows the signaling procedure for intra-domain rerouting captured by 

Wireshark [141] for Domain 1 and Domain 2, respectively. The Local Controller in Domain 2 

repetitively sends OSNR monitoring request, and the intra-domain computation functionality is 

triggered when a low OSNR level is received. After successful intra-domain rerouting path 

computation in Domain 2, the Local Controller sends messages to the Agent to reroute the path of 

the channel of interest. As a consequence, the route of the channel at 1540.6 nm is changed in 

Domain 2 from ROADM 4-ROADM 6 to ROADM 4-ROADM 5-ROADM 6, but the route and 

the wavelength in Domain 1 remain the same. After the new path is established, the OSNR 

measurement shows that the OSNR of the newly established path (21.4 dB at the receiver) satisfies 

the QoT for transmission. 
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Figure 6.10 Testbed scenarios to study the TSDX performance for impairment-aware rerouting. (a) Intra-domain 
rerouting experiment. ASE noise is introduced to the fiber link between ROADM 4 and ROADM 6 in the second 
domain (b) Inter-domain rerouting experiment. ASE noise is introduced to the fiber link between ROADM 2 and 
ROADM 3 in the first domain. 
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Figure 6.11 Control signaling procedures captured by Wireshark for the intra-domain rerouting experiment. (a) 
Domain 1. OSNR values are good and there is no need for rerouting in Domain 1 (b) The Local Controller in 
Domain 2 detects OSNR degradation and resolve the problem by establishing a new path in Domain 2. 
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    For inter-domain rerouting, ASE noise is introduced to Domain 1 so that the OSNRs in both 

Domain 1 and Domain 2 degraded below the OSNR threshold. The Local Controller in Domain 1 

first attempts to restore the OSNR in Domain 1 through intra-domain rerouting. However, the 

intra-domain rerouting fails because there are no alternative routes using the same wavelength in 

Domain 1 (Note that the only path is ROADM 1-ROADM 2-ROADM 3 in Domain 1). As a 

consequence, inter-domain rerouting is executed. In this experiment, the wavelength of the channel 

of interest is switched to 1547.6 nm with the random wavelength assignment algorithm through 

inter-domain signaling procedures with its end-to-end route being maintained (ROADM 1-

ROADM 2-ROADM 3-ROADM 4-ROADM 6). Figure 6.12 shows the signaling procedures, 

including OSNR monitoring, failed intra-domain rerouting, and successful inter-domain rerouting. 

After successful inter-domain rerouting, the OSNRs along the inter-domain rerouted path are 

checked again at the new wavelength, and the OSNR value of 23.5 dB at the receiver shows that 

the new wavelength channel satisfies the QoT requirement. 

We also measure the latencies of OSNR monitoring and lightpath setup for both scenarios as 

shown in Figure 6.13. The total latency can be broken down into three parts: (1) control signaling 

time between the Local Controller and the Agent τ, (2) control signaling time between the Agent 

and the hardware γ, and (3) hardware configuration time tc. Thus, the total latency of OSNR 

monitoring or lightpath setup is T = 2τ + 2γ + td, which can be measured at the Local Controller 

by calculating the difference between the request message sending time and the reply message 

receiving time (see Figure 6.13). The hardware configuration time and the signaling time between 
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Figure 6.12 Control signaling procedures captured by Wireshark for the inter-domain rerouting experiment. (a) 
Domain 1. The Local Controller in Domain 1 detects OSNR degradation and first intra-domain rerouting fails. 
Then inter-domain rerouting will be executed and a new path with a new wavelength is established (b) Domain 2. 
The Local Controller in Domain 2 establishes a new path with a new wavelength for inter-domain rerouting. 
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the Agent and the hardware (2γ + td) takes the majority of the total latency, which can be measured 

at the Agent in the same way. The latency of the OPM for OSNR measurement and ROADM 

configuration are in the range of 80-150ms. The total lightpath setup time in each domain is in the 

range of 100ms-256ms, and the OSNR monitoring time in each domain is in the range of 100ms-

200ms. Note that the latency reported here is a best case scenario that does not consider the 

potential power adjustment delays associated with lightpath setup to minimize optical power 

 

 

                

Figure 6.13 Measured latency of lightpath setup and OSNR monitoring for intra- and inter-domain rerouting 
experiments. 
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dynamics. Optical power dynamics remain a main obstacle that limits the speed of wavelength 

switching. In previous chapters, we presented power dynamic mitigation for wavelength switching 

using dual-wavelength sources, probe, and machine learning. Future work will investigate the 

integration of these techniques into the TSDX control system for multi-domain transmission 

systems.  

The measured OSNRs and BERs at the receiver before and after wavelength rerouting is 

summarized in Table 6.1 for both intra- and inter-domain wavelength rerouting experiments. We 

can see that wavelength rerouting successfully improves the OSNR and thereby reduces the BER. 

In the intra-domain rerouting experiment, the OSNR degradation (14.86 dB) is detected at OPM 

Table 6.1: Measured OSNRs and BERs in intra- and inter-domain rerouting experiments 

Scenario Path OPM1 OPM2 OPM3 OPM4  BER 

Intra-domain Original 35.07 22.75 22.75 14.86 7.38×10-3 

Intra-domain Rerouted 35.07 22.82 22.82 21.43 2.48×10-4 

Inter-domain Original 35.07 16.20 16.20 15.60 5.67×10-3 

Inter-domain Rerouted 37.09 25.30 25.30 23.48 1.10×10-4 

 

 

Figure 6.14 OSNR and BER as a function of the time. The OSNR degradation is generated by manually adjusting 
the ASE noise every 30 seconds. 
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4, and intra-domain rerouting is executed in Domain 2. The OSNR is improved to 21.43 dB, and 

the BER is reduced from 7.38×10-3 to 2.48×10-4. In the inter-domain rerouting experiment, the 

OSNR degradation is detected in OPM 2, OPM 3, and OPM 4, and inter-domain rerouting is 

executed. After the new path is established, the OSNR at OPM 4 is improved from 15.60 dB to 

23.48 dB, and the BER is reduced from 5.67×10-3 to 1.10×10-4. 

The OSNRs and BERs at the receiving end and corresponding system reactions as a function of 

the time in the intra-domain rerouting experiment is illustrated in Figure 6.14. The OSNR 

degradation is generated by manually adjusting the ASE noise level every 30 seconds. With 

periodical online OSNR monitoring, the OSNR degradation is monitored by the TSDX control 

system, and the resulting real-time wavelength rerouting is executed to ensure the QoT for 

transmission. 

6.7 Impairment-Aware Hysteresis Control-Assisted Code Adaptation  

    Previous work has implemented code adaptation in response to long-time-scale OSNR variation 

[137]. In such cases, OSNR degradations are emulated by ASE noise injection. Nevertheless, 

another important form of OSNR variation—short-time-scale OSNR fluctuations resulting from a 

variety of optical power dynamics—should be addressed in dynamic optical networks using real-

time wavelength operations. Polarization-dependent loss (PDL) is one main form of optical power 

dynamic effects, causing the signal loss to vary as the polarization state of the propagating wave 

changes [142]. As a result, short-time-scale OSNR variation occurs at the receiver. Figure 6.15 

shows the probability density function (PDF) of PDL-induced OSNR variations at the average 

PDL of 1.5 dB calculated from a Stokes parameter model [143], showing ±0.5 dB OSNR variations.  

Such OSNR variations may severely deteriorate network performance by causing frequent network 

outages due to code adaptation delays if the OSNR happens to fluctuate around the OSNR 

threshold.  

In order to enhance the tolerance to PDL-induced short-time-scale OSNR variations, we propose 

the hysteresis-based margin allocation for code adaptation. Different from traditional code 

adaptation that solely relies on QoT performance as shown in Figure 6.16(a), the hysteresis-based 

margin allocation leaves a margin for code adaptation, taking into account the short-time-scale 

OSNR fluctuations as shown in Figure 6.16(b). Rather than a single threshold (TH1) used for two-

code adaptation, a second threshold (TH2) higher than TH1 is considered for switching from the 
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code type of low code rate to that of high code rate. This margin allocation efficiently decreases 

the number of code adaptation operations when the OSNR fluctuation falls into the range between 

TH1 and TH2, and thus reduces the network outage caused by system interruptions due to code 

adaptation operations. Further experimental results will also show that the hysteresis based code 

 

Figure 6.15 probability density function (PDF) of PDL-induced OSNR variations at the average PDL value of 1.5 
dB, showing ~±0.5 dB OSNR variations. 
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Figure 6.16 (a) Conventional adaptive coding (b) hysteresis control-assisted adaptive coding. 
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adaptation in the end improves the network capacity over the conventional non-hysteresis code 

adaptation approach. 

To evaluate the performance of the hysteresis control-assisted approach, we evaluate the signal 

at 1550 nm going through ROADM 1-2-3-4-5-6 with the total transmission distance of 215 km. 

The PDL effect of this signal is emulated using a polarization-dependent loss emulator (PDLE) at 

the transmitter [143], generating the PDL-induced ±0.5 dB OSNR fluctuations at the receiver. Two 

low-density parity-check (LDPC) FEC codes [144] with code rates of 0.8 (code 1) and 0.75 (code 

2) are used in this experiment. Figure 6.17 shows the BER vs. OSNR performance of this signal 

with no LPDC code, code 1, code 2, respectively. Based on the BER vs. OSNR performance, the 

OSNR threshold is set to 12.4 dB for switching code 1 to code 2, below which error-free operation 

(BER of 1×10-6 in this experiment) cannot be guaranteed by using code type 1. We manually 

introduce ASE noise onto this signal to degrade its average OSNR at the receiver to 12.4 dB. The 

real-time OSNR value of this signal is measured by the receiver OPM every 5 seconds to localize 

the OSNR degradation and trigger code adaptation operations.  

 

Figure 6.17 BER vs. OSNR for the signal ROADM 1-2-3-4-5-6 with the total transmission distance of 215 km. 
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    Figure 6.18 shows the signaling procedures for hysteresis control-assisted code adaptation 

captured by Wireshark. Code adaptation is triggered if the OSNR is detected to fall below TH1 or 

exceed TH2. We evaluate that how the different value of TH2 (i.e., corresponding to different 

hysteresis margins) can impact the network outage due to code adaptation operations. Figure 6.19 

shows the network outage when the TH2 varies between 12.6 dB and 12.9 dB. The results of 

hysteresis control-assisted (w/ hys) and non-hysteresis control-assisted (w/o hys) adaptive coding 

are compared with different buffer sizes at the transmitter. Since the code adaptation latency is 

directly related to the buffer size, a larger buffer size at the transmitter results in higher network 

outage. The measured average code adaptation latency is 722.3ms (from code type 1 to 2) and 

467.2ms (from code type 2 to 1) for the buffer size of 0.836 Msymbols, and is 1171.8ms (from 

code type 1 to 2) and 755.1ms (from code type 2 to 1) for the buffer size of 1.393 Msymbols. Using 

the hysteresis control-assisted code adaptation can significantly reduce the network outage from 

54% to 10% for the buffer size of 0.836 Msymbols and from 52% to 15% for the buffer size of 

1.393 Msymbols, and more improvement is achieved with a higher TH2. We also found that the 

network reduction becomes more obvious with the increase of TH2.  

 

 

 

Figure 6.18 Control signaling procedures captured by Wireshark for code adaptation experiment 

 



153 
 

 

            

Figure 6.19 Network outage vs. hysteresis margin           Figure 6.21 Total data transferred vs. hysteresis margin 

 

 

Figure 6.20 Traffic throughput vs. time 
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 On one side, the reduced network outage will result in longer net transmission time for the 

signal, improving the final network capacity; on the other hand, the probability of staying at the 

low code rate is higher, which might decrease the peak throughput and as a result decrease the 

network capacity over time. Figure 6.20 shows the throughput of the observed signal over an 8-

minute window, from which we can see that the hysteresis control-assisted approach can achieve 

a lower switching frequency as well as lower outage probability, at the expense of a lower peak 

throughput. Therefore, hysteresis potentially imposes a trade-off between network outage and 

throughput, and we evaluate the trade-off in terms of total data transferred for a 10-minute window 

as shown in Figure 6.21. Under the given two buffer size values, the hysteresis control-assisted 

code adaptation providers a larger amount of total transferred data by 2.0% for the buffer size of 

0.836 Msymbols and by 4.4% for the buffer size of 1.393 Msymbols) than the conventional code 

adaptation, showing its advantage in an effective network capacity improvement. 

6.8 Conclusion 

We implement a transparent software-defined exchange (TSDX) control system for real-time 

system operation and management for multi-domain optical networks. OPMs are introduced for 

real-time in-band OSNR monitoring to guarantee the SLAs, allowing optical signals to be 

exchanged to other domains entirely in the optical layer at IXPs. An SDN-based hierarchical 

control architecture is implemented with three main control-related elements to support the 

hierarchy—Orchestrator, Local Controller, and Agent.  The orchestrator is implemented as a 

global control that manages network traffic allocation among multiple Local Controllers. Each 

domain is equipped with a Local Controller for autonomous intra-domain routing, and different 

Local Controllers work collaboratively for inter-domain routing using customized CDCP. We 

extend OpenFlow 1.4 protocol in both Local Controllers and Agents to support physical layer 

control and implement extensions. With TSDX, we experimentally verify the system performance 

in our 6-ROADM two-domain optical network testbed. Impairment-aware wavelength rerouting 

including intra-domain and inter-domain wavelength rerouting are experimentally verified with 

25GBaud PM-QPSK WDM transmission with the total latency of less than 260ms. We also 

investigate hysteresis control-assisted code adaptation with 12.5GBaud 16QAM WDM 

transmission under short-time-scale OSNR fluctuations due to PDL. Compared with the 

conventional code adaptation approach that solely relies on QoT performance, the hysteresis 
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control-assisted approach is able to achieve lower network outage, and as a result leads to an 

overall increase in transferred data. Future work will address the scalability issues of TSDX in 

large-scale networks with the increase of domain number and network node number inside each 

domain. Future work will also explore mitigation of power dynamics for wavelength switching in 

multi-domain optical systems, and investigate the integration of dual-wavelength switching, 

advanced probe techniques, and machine learning into the TSDX control system. 
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Chapter 7 Concluding Remarks 

In this dissertation, I investigated different hardware and software approaches for rapid 

wavelength switching by mitigating optical power dynamics. I also presented a transparent 

software-defined exchange (TSDX) for multi-domain optical systems allowing signals to be 

exchanged to other domains entirely in the optical layer.  

In Chapter 2, I discussed the basics of power dynamics, and focused on the power excursion 

which is a main manifestation of optical power dynamics due to the interactions between the 

wavelength dependent gain and automatic gain control of optical amplifiers. Mathematical models 

showed that power excursions can grow in cascade and potentially result in quality of transmission 

(QoT) reduction. I also showed that the conventional power adjustment method to correct 

individual channel powers could take minutes and is not a practical solution for real-time 

wavelength switched WDM systems.  

In Chapter 3, I experimentally verified the power excursion mitigation using fast tunable dual-

wavelength sources. Using a fast-tunable source that periodically tunes between two wavelengths, 

the optical amplifier will perceive the dual-wavelength signal as two separate and constant signals. 

By distributing a single optical signal over two wavelengths that one is with a high gain and the 

other is with a low gain, the power excursions get cancelled out, facilitating wavelength switching.  

In Chapter 4, I investigated non-disruptive and proactive probe methods to predict a variety of 

physical parameters including optical amplifier gain spectrum, channel power, and OSNR. With 

the knowledge of such physical parameters in advance, optimal wavelengths were selected and 

switched while minimizing power excursions and maintaining OSNR requirements.  

In Chapter 5, I proposed a deep neural network based machine learning method to predict the 

optical power dynamics from data collection and training. We experimentally verified the 

performance of the deep neural network in our 90-channel DWDM transmission system testbed. 

Based on the training, the deep neural network was able to recommend valid wavelengths for 

wavelength switching with a precision over 99% over 8400 randomly tested samples. The deep 

neural network was also shown to be far more effective than regression and random forest models. 

In Chapter 6, I investigated a transparent software-defined exchange (TSDX) control system to  

guarantee service level agreement (SLA) requirements for multi-domain optical systems in which 

optical signals can be exchanged between domains entirely in the optical layer through Internet 
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exchange points (IXPs). Advanced optical performance monitors (OPM) were implemented for 

real-time OSNR introspection of the physical layer at different network locations without the need 

for optical-to-electrical-to-optical (OEO) processing. With the TSDX support for real-time inter-

domain negotiation, we experimentally verified impairment-aware wavelength rerouting and 

hysteresis control-assisted code adaptation in the 6-ROADM multi-domain optical network testbed. 

    Future work will address the scalability issues of software and hardware advances in large-scale 

networks, which are the main obstacles for commercialization. For this reason, our next step would 

be the integration of dual-wavelength switching, probe techniques, and machine learning into the 

TSDX control system. Particularly, because machine learning offers a more flexible solution 

without special hardware requirements, we will investigate the deep neural network approach in 

large-scale networks along with transfer and online learning techniques for practical 

implementations. 
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