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Abstract: Today’s optical transport networks are complex already and the support 
of the new arising services will further increase such complexity. Traditional 
deterministic network procedures will need to be revisited, especially their 
operations. Network Operators will require more dynamic approaches to get the 
best out of their infrastructure. In this context, cognition and machine learning 
techniques can provide innovative management solutions for traditional telecom 
operators. In this paper, we explore a dynamic cognitive approach to improve the 
adaption of Network Operators’ operational processes to the new digital age. We 
propose a dynamic strategy considering the Case-Base Reasoning (CBR) technique 
for helping to reduce overall costs by optimizing operation margins. In this way, 
highly competitive exploitation methods to support new services can be 
deployed. The proposed dynamic algorithms can achieve higher transmitted 
power efficiency, up to 20% versus previously proposed static solutions, 
prolonging the transceivers’ lifetime and thus addressing telco operator costs 
reduction. 

1. INTRODUCTION 

The introduction of new services in the digital era mandates a constant evolution of the optical 
transport networks supporting them. Internet cloud computing, inter-Data Centre services and 
richer application environments, so as 5G-based services require a rising bandwidth demand. 
Network Operators have to transform and adapt their networks to accommodate these services, 
while being attractive enough to capture new clients as well. The commercial offers and their 
success depend on the performance of the networks implementing these services to provide 
end users with the enough quality of experience (QoE). This indicator is defined as the usability 
of a service, perceived subjectively by the end user [1]. Among other factors, QoE is impacted 
by the network Quality of Service (QoS) [2]. One of the most important challenges in optical 
networks is the high costs of the operations, including the maintenance of network resources. 
Simultaneously, new services progressively handle more and more volumes of information of 
every individual customer. This requires a dramatic revolution in the optical transport network. 
To conform to this reality and to be competitive, Network Operators must invest constantly, 
while simultaneously reducing costs in order to increase profitability and efficiency as much as 
possible. A possible way to achieve this end is to manage and reduce the operational margins in 
the exploitation of the network, such as the pre-assigned System Margin, which is applied in the 
power budgets of optical links on long-haul transport networks. This margin is introduced to 
account for the ageing and unforeseen degradations of the optical network infrastructure. It is 
normally calculated based on a worst-case approach, taking into account the end of life (EOL) of 
the optical systems. Once this margin is fixed, it is applied systematically and in a static way from 
the very beginning of the exploitation of the network, without considering the heterogeneity of 
the network situations that can occur along its lifetime. We have identified that a reduction of 
network costs can be achieved by applying cognition science and the CBR technique in particular. 
In [3], we explored the adaptation and application of the CBR technique to reduce the 



transmission optical power, leading to the reduction of the initial and static System Margin (pre-
assigned in the design phase) and achieving operational costs reduction. There, we assumed a 
static Knowledge Base (KB), one of the key components of CBR system, being populated before 
the exploitation of the transport network. The whole CBR analysis was performed on the basis 
that no new information was dynamically incorporated to the KB.  

This paper is an extension of [3] with the intent of providing a better understanding and insight 
into the efficiency of the proposed CBR-based cognitive approach. In particular, the present 
work extends the initial static approach, considering a dynamic renewal of the KB elements. A 
significant contribution to the management of the KB is presented, reporting new results versus 
a static KB. New arising situations in the transport network are then incorporated to the KB. By 
doing this, an enhancement on transmission power savings is reported, which leads to a more 
efficient use of the System Margin, contributing to operational cost reductions in optical 
networks. Therefore, Network Operators are assisted to take dynamic decisions to further 
improve benefits. The objective of this work is to propose a dynamic strategy, applied to our 
Case-Base Reasoning (CBR) cognition approach presented in [3], to further reduce the 
operation System Margin on optical transport networks, thus contributing to help a Network 
Operator to diminish overall costs.  

The remainder of this paper is structured as follows. In section 2, the state-of-the-art about 
machine learning for costs reduction in operational optical networks is identified and briefly 
presented. In section 3, we explain the CBR cognitive technique and the details of the proposed 
dynamic learning strategies. In section 4, we highlight an implementation proposal. In section 5, 
the obtained numerical results are presented. Finally, section 6 draws up some conclusions. 

2. RELATED WORK 

Margins reduction in optical networks is a topic permanently addressed, since research for 
efficiency and deriving costs optimization is always a need for Network Operators. Inefficiencies 
in capacity, reach and misuse of network resources and the emanated costs from the applied 
network margins shall be alleviated. In [4], authors establish an optical network margins 
categorization and different methods to mitigate them, such as adapting the symbol rate, 
channel spacing and modulation format by the introduction of flexible transceivers. It highlights 
the associated engineering challenges to handle the margins reduction. Particularly, authors 
point out the System Margin as one of the most challenging margins to be addressed, since the 
related impairments variation during system life. This work is further developed in [5] with some 
strategies and technologies to translate margins into additional capacity, although authors 
highlight the challenge of implementing them in real networks. In [6], Gaussian Mixture Model 
in combination with Expectation Maximization machine learning (ML) techniques are proposed 
to manage certain nonlinearities, such as XPM, and some other tasks relevant to optical 
communications (optimum symbol detection and laser carrier recovery). A global framework to 
incorporate cognition in network management is presented in [7], supporting self-organized 
networks. There, authors propose a further developed cognitive control loop for network 
management (C-MAPE, a cognitive extension to the Monitor-Analyze-Plan-Execute solution 
proposed in 2001 by IBM, over a software defined infrastructure). It is indicated how ML can be 
used to proactive detection and fault localization, so as to support configuration tasks (adaptive 
resource allocation and service configuration by mapping high-kevel requirements to low-level 
configurations) or to traffic load prediction. Neural networks (NN), support vector machines 
(SVM), k-means or Bayesian networks are some of the mentioned techniques as candidates to 
implement such labors. In that paper, authors mention that few works have been proposed to 
implement such solutions in real networks and they advance ML as one of future research 
directions to reduce the cost of operations in accounting management area. Fault localization in 
transparent optical networks is also addressed in [8] by using a Gaussian process classifier in a 
two-step scheme, using past data, for operation purposes and cost reduction. More recent 



works, such as [9], propose a universal platform to optimize operational costs in the Egyptian 
optical network, based on ML techniques, by deriving important operation factors towards the 
automation. Specifically, artificial neural network (ANN) technologies are proposed to manage 
energy consumption, fault localization, OSNR monitoring and configuration management for the 
best routes, leading to best response times, less number of complaints and best operational 
performance. The estimated BER is one of the outputs of this model. Regarding OSNR, the 
authors consider in their model the quality of the transmission links; among other variables, the 
transmitted and received optical power, the amplifier gain and fiber span attenuation are taken 
into account. Our solution, already integrated in [3], incorporate the mean network load, 
wavelength distribution, non-linear impairments and margins as factors in the decision process. 
Cost savings is also addressed in [10] by using ML and a SDN controller in the optical layer of a 
core network. By applying a Bayesian regression technique, authors propose to predict traffic 
variation and achieve global optimization of IP and optical layer network resources, such as IP 
ports or transponders. In [11], a ML approach, based on the k-medoids technique, is proposed 
to organize and dynamically deploy, schedule and efficiently readjust the virtual network 
functions (VNFs) across physical servers, in data center environments. By constantly clustering 
the substrate network, a certain network service can be implemented, ensuring the required 
quality of service (QoS) and reducing the complexity of readjusting the VNFs, depending on the 
changes occurring around both providers and users. 

Our previous work in [3] evidenced that the application of a CBR-based cognitive proposal can 
optimize operational costs in optical transport networks, by directly acting over the transmission 
power and reducing consequently the System Margin. In this paper, our work is now further 
developed to intensify the System Margin reduction. Higher mean savings in transmission power 
are reported. The efficiency of the initial static approach is improved, assisting the 
telecommunications operator in the optimization of the net profits. 

 

3. DYNAMIC LEARNING 

3.1 Case-Based Reasoning technique 

Generally speaking, machine learning is a framework involving several techniques and 
methodologies to reproduce the learning mechanisms in humans and apply them in industrial 
processes. The objective is to reach the learning ability, that is, to cope with new situations and 
solving them without an explicit and previous programming of the system.  

In this paper, the CBR based technique is further developed and exploited. The idea behind CBR 
is that, based on the experience, new situations can be solved by applying complete or partial 
solutions already applied in the past, that is, similar problems may have similar solutions. The 
past experience is stored in the memory, which is implemented in CBR by the KB. Previous 
situations are modeled in the KB as “cases”, defined as a set of several attributes describing 
them, also including the solution applied to solve them. 

The CBR process is a cycle composed of four phases [12], continuously applied to get a sustained 
quality improvement: 

1) Retrieve: the most similar past case or cases (in our context, previous network 
situations) are identified. To this end, CBR is based on a Nearest-Neighbor classifier 
algorithm [13].  

2) Reuse: the identified past candidate observations and their respective solutions are 
totally or partially applied to the new situation to be solved. 

3) Revise: the built solution is evaluated. 
4) Retain: the new situation and the corresponding solution is stored. 



In this work, we evaluate the dynamic renewal of the KB during the Retain phase by proposing 
several dynamic learning strategies. They will be assessed and compared to the static KB 
approach, moving forward through the development and application of CBR proposal to better 
adapt to real network situations. 

3.2 Dynamic Learning strategy approach 

The objective of the work presented in this paper is to assess whether applying dynamic learning 
processes to renew the KB online may introduce a further benefit (i.e., enhance costs reduction) 
for telecom operators and improve the performance of our CBR based approach proposed in 
[3]. It was shown in that work the advantages of applying a cognition strategy to reach 
transmission optical power savings heading to operational System Margin reduction.  

The System Margin is a security margin and its value depends on the operator criteria. Tuning 
this parameter through a learning process may help the telecom operator to reduce operational 
margins and, thus, costs. Following the normal design and operational processes of a network 
operator, the System Margin value is calculated in the design phase of the optical network and 
adjusted during the initial commissioning on field; at this moment, its value is fixed, pre-assigned 
and applied to all new incoming lightpath (LP) requests from the beginning of the exploitation 
of the network. As alternative approach, we proposed to use a flexible and lower value, the one 
provided by the CBR methodology application [3]. In this way, the network operator could be 
able, in certain network conditions, to lower the margin value by reducing the transmission 
power, leading to reduce costs globally in the transport network along the time. 

However, maintenance of a commercial network is not necessarily done simultaneously over all 
nodes, amplifiers and spans of the entire end-to-end path, meaning that ageing is not uniform 
over the network segments/links. That is, as these operational works can be executed at 
different moments over different segments, multiple networks situations can arise.  

In this paper, some of the new incoming requests that are allocated with a lower transmission 
power value proposed by CBR, are used to renew the KB, instead of keeping it static. To this end, 
we propose five updating strategies of the KB elements, presented later on in this document. 

3.3 Power Budget Modelling 

The constraint applied to model and manage the power budget of the end-to-end paths is the 
following one: 

Ptx ≥ Srx + CL + NLI + M                                              (1) 

The terms of the equation (1) are as follows: Ptx is the transmitted power and Srx is the 
sensitivity of the receiver, based on the Quantum Limit [14] [15] and calculated for each new 
request; the values used for this work can vary in a typical range applied in operational networks. 
CL parameter models the net link losses of the end-to-end path and it integrates the component 
degradation along the time. It takes into account the net losses of the fiber, connectors and the 
splices; the selected attenuation range fluctuates between 12 and 24 dB, also common values 
used by operational teams. NLI parameter models the non-linear impairments and power 
penalties. It integrates effects such as XPM (Cross-phase Modulation), FWM (Four-wave Mixing), 
PDL (Polarization Dependent Loss), PMD (Polarization Mode Dispersion), Crosstalk and Hybrid 
Transmission penalties. Common values of these impairments can be found in literature ([14] 
[15] [16] [17] [18] [19] [20]); the NLI value range for this work is established between 0.02 and 
5 dB (or 6 dB if service requested is above 40 Gb/s). Finally, M parameter models the System 
Margin applied, included in the power budget equation to absorb the unforeseen degradations 
and ageing effects in the infrastructure elements. The value of this parameter can vary 



considerably in the literature so as in real networks: several value ranges can be 5-10 dB [14], 3-
6 dB [15], 3-4.8 dB [16], 4-6 dB[17] and 0-9 dB [18]. We have decided to set the interval between 
1 and 4 dB. Thus, for the numerical results simulated in this work, we have set values for these 
parameters within typical ranges, indicated in Table 1. As described, these values can be found 
in the literature, as well as reflecting real commercial networks.  

Each path has been characterized by several attributes: its length, the number of deployed in-
line amplifiers, the number of simultaneous wavelengths allocated in each link of the path, the 
minimal current spectral distance among them, the non-linear impairments and the net link 
losses. The parameter “number of simultaneous wavelengths” is introduced in the model to 
integrate that a different number of simultaneous co-routed channels can be encountered in 
each link of the path. In order to complement and enrich this situation, an additional 
parameter is also introduced, the minimal current spectral distance among the LPs co-routed 
in the same link. Additionally, the service request transported over the path is characterized by 
the throughput and the quality of service (BER) attributes; the required sensitivity of the receiver 
and the System Margin applied for that incoming demand are also included as part of the 
parameters. The last attribute impacts the transmitted optical power. All these attributes 
modeling the path define the CBR case, which represents the lightpath establishment under the 
specific network situation described by the attribute values. 

The KB only contains successful lightpaths establishments corresponding to past previous 
experiences, with a System Margin value lower than the pre-assigned one (4 dBs). These 
successful LPs are stored as CBR cases defined by the attributes indicated above, all of them 
containing a transmitted power that ensured their correct establishment under the network 
conditions at that moment.  

For the numerical results of this work, the CBR cases of the initial KB have been generated using 
Equation (1) with random values based on the ranges indicated in Table 1. Moreover, several 
conditions adapted to each LP have been introduced: the longer a path is, the higher will be 
probably the net channel losses; ageing is probably more present in longer paths, because more 
networks elements and fiber spans may be affected; non-linear impairments present on the end-
to-end path depend on the load on the links: the more a link is shared and loaded, the higher 
the NLI will probably be; and finally, if potential ageing is higher, the applied M will be also 
higher. Table 1 specifies the ranges of the attributes considered for generating the CBR cases. 

Attribute name Considered range value [min-max] 
Receiver sensitivity (Srx) [-24, -12.5] dBm 
Channel net losses (CL) [12, 24] dB 

Non-linear impairments and  
power penalties (NLI) 

[0.02, 5] dB ;  
[0.02,6] dB if request > 40 Gb/s 

System Margin (M) [1, 4] dB 
Bit error rate (BER) [10-15 , 10-9 ] 

Throughput [1, 100] Gb/s 
Number of simultaneous wavelengths [1, 40] 

Transmission power (Ptx) [-2.5, 7.5] dBm 
Table 1. Parameters of the model to describe the scenario  

The CBR cases of the initial KB contains a System Margin value lower than the pre-assigned one 
(4 dBs) and the corresponding transmitted power value, guarantying the required quality of 
service in terms of error rates. The new incoming requests have also been modeled as CBR cases, 
with the same attributes and corresponding values randomly generated following Table 1 as 
well. The same conditions explained above have also been introduced. However, every new 
incoming request is set with the pre-assigned M value, 4 dBs, and the transmitted power is 
calculated based on this value. The offline population of the initial KB is addressed with the 
objective of embracing enough heterogeneity allowing to reflect as many different potential 



future network situations as possible; however, for the simulation phase, it would be desirable 
to mark a clearer trend on the value of the attributes of the cases; thus the CL and NLI attributes 
of the CBR cases integrated in the initial KB have been generated using a uniform distribution. 
And a Gaussian distribution has been considered for generating CL and NLI attributes of the 
cases modeling the new incoming requests, following recommendations [20], [21], [22] and [23], 
respectively.  

For every new request, our CBR system is applied to provide directly a lower transmission power 
value, which still guarantees the required quality of service. Thus, the pre-assigned security 
margin can be reduced, leading to emitted optical power savings, by learning from precedent 
similar situations. Besides, if the new network situation with the new solution is incorporated to 
the memory of the system, knowledge and learning capacity are strengthened.  In principle, the 
achieved savings in launched power will allow maintenance costs reduction, avoiding an 
undesirably short effective life of the transceivers; in fact, if their lifetime is extended thanks to 
the lower optical power emitted (according to [24] [25] [26]) then the Network Operator can 
reduce the OPerational EXpenses (OPEX), which are the costs related to network maintenance 
and fault reparation, among others. Furthermore, by reducing the launched power, a power 
consumption reduction can be achieved [27] that can also contribute to these telco operational 
costs reduction. The isolated optical tx power metric is not normally used for network 
operators in operational budget planning, but its impact is rather embedded in the global 
operational costs. Thus, in our work, we have addressed the per-lightpath power 
management, proposing a reduction of the optical tx power, in certain conditions. The same 
approach has been considered in other works [28] [29]. In order to evaluate if the CBR 
transmission value proposal is valid, we have proposed two Key Performance Indicators (KPI): 
the first one, “CBRSuccessRate%”, increases when CBR provides a correct solution, that is, a 
transmission power equal or lower than the pre-assigned one, applicable to network operations 
and leading to power savings. The second indicator, “PtxMeanSavings%”, relates to the mean 
power savings reached per LP over the maximum attainable savings, when applying the CBR-
based approach. As detailed in Table 1, the considered range ([max, min] values) for System 
Margin parameter is M=[4,1] dB. When our cognitive solution succeeds to reduce this margin, 
the maximum achievable reduction for any LP will be 3 dB. As an example, if 
“PtxMeanSavings%” equals 62% for a specific LP, it means that 62% over a maximum of 3 dB, 
then 1.86dB, are saved on average in the optical tx power. These savings are achieved by 
applying our CBR methodology [3]. In this work we explore whether dynamic learning strategies 
can further enhance them. 

Upon a new lightpath establishment request, the 4-phase CBR cycle is run: 

1) The Retrieve phase identifies those cases contained in the KB that are similar to the new 
request. The k-NN algorithm is used for this task. They are the k most resembling 
neighbors, that is, the closest past observations in terms of end-to-end path conditions 
and quality of service requested. All LPs, both those stored in the KB, thus the neighbors, 
and the new requests, are represented as CBR instances with their corresponding 
attributes as a vector: 
 

(𝑥 , 𝑥 , 𝑥 , … 𝑥 )                                                                      (2) 
 
The concept of similarity between the new request and every selected neighbor in the 
KB is used, calculated following the Minkowski metric, which depends on the r 
parameter: 
 

𝑑(𝑐𝑎𝑠𝑒 𝑥, 𝑐𝑎𝑠𝑒 𝑦) = ∑ |𝑥 −  𝑦 |                                 (3) 



 
Thus, we can vary the number of considered neighbors with the k parameter, defining 
the [k,r] combination for the CBR parameters.  
 

2) In the Reuse phase the MIN scheme is employed, which provides the best performance 
among other schemes, as evaluated in [3]. This scheme selects, among the k more 
similar previous situations to the new request, that one using the lowest transmission 
power. This value is then proposed for the new incoming request. 
 

3) In the Revise phase, we evaluate whether the transmission power proposed by CBR 
satisfies the required needs of the incoming request, by comparing this proposed power 
with the pre-assigned one to the new request. If correct, “CBRSuccessRate%” increases, 
indicating additional power savings. On the contrary, if CBR proposes a transmission 
power insufficient to guarantee the required quality, the pre-assigned one is 
maintained. The revision of the validity of the CBR proposed solution would be done by 
direct verification at the receiver, launching an unmodulated laser signal of the same 
power and monitoring whether it guarantees the required LP needs at the receiver side. 
If not enough, the emitted power at the transmitter will be increased by PtxDefault - 
PtxCBR; the pre-assigned System Margin shall be finally used, meaning that no power 
savings would be got in this case. It is important to note that NLI and CL parameters in 
equation (1) are random variables. Their value is not known beforehand and it would be 
very complex and costly for a telecom operator to implement a system in order to 
measure, calculate and report their exact value in real time. This is the main aim to apply 
our CBR solution: to properly manage this uncertainty, overcoming its complexity and 
allowing the operator to assign a lower value for the transmitted power leading to a 
System Margin reduction, then providing transmission power savings. System learn 
from previous network situations successfully solved to release a correct solution for 
the new request, learning this way how ageing is impacting on the performance of the 
transport network. Our CBR based proposal avoids the operator to launch a process of 
continuous trying and check several transmission lower power values until finding a 
correct one, for every new incoming request.  
 

4) In the Retain phase it is decided whether the new generated information should be 
stored in the memory of the cognitive system and how. To this end, we propose several 
dynamic learning strategies. The common strategy applied by all proposed dynamic 
learning algorithms is to only store correct information in the KB. That is, when CBR 
provides a lower transmission power guarantying the required quality of service, the 
new successful LP is in the KB with the new transmission power value.  

Although the proper transmission power is set to guarantee the requested quality of service, it 
has to be taken into account that this is done once the LP is established. However, the 
performance of the lightpath must be maintained over its lifetime. To this purpose, the deployed 
network monitoring system controls its quality of transmission, in order to avoid damaging 
degradations along the time and raise alarms in case that the security thresholds are reached.   

3.4 Dynamic Learning algorithms 

The size of the KB throughout the application of the dynamic learning process is kept constant; 
we let for further investigation works the variation of the KB size. Thus, the objective of all 
dynamic learning algorithms is to identify and select the entries of the KB to be replaced. By 
introducing the new cases, the KB is updated, accounting thus for more recent network 
conditions.  



Thus, to implement the renewal of the KB, five new dynamic learning strategies are proposed 
on the policy used during the Retain phase: 

1) Usefulness, launched Power Deviation and Age of the KB case (UPODA): this algorithm 
takes into account, for every KB case, a combination of: 1) the number of times that the 
case has been selected for taking CBR decisions; 2) the deviation of its transmitted 
power attribute with respect to the global mean transmitted power of all KB existing 
cases; 3) the age of the case (i.e., the time elapsed from its introduction in the KB). Only 
the number of times that the case has participated in previous CBR decisions is applied 
from the beginning. Additionally, an underground mechanism is introduced. It takes into 
account the evolution of the mean power of the cases contained in the KB (with respect 
to the initial one) and the number of error decisions taken by CBR (that is, proposing a 
transmission power lower than the minimum needed). When the corresponding 
thresholds are reached (30% and 2% respectively), then, the deviation of the 
transmitted power of the KB case with respect to the actual KB global mean value and 
its age come into play. Less used KB cases, presenting a higher distance to the KB mean 
power and being the older ones are progressively removed from the KB. Thus, it is 
populated with new correct cases (that is, CBR has proposed one lower launched power 
value, leading to a reduction in the pre-assigned System Margin). The considered 
attributes of the case are taken into account in different moments of the cognitive 
process. 
 

2) Usefulness, launched Power Case and Age of the KB case (UPOCA): this algorithm is 
based on the same attributes as the previous one, but used and applied differently; for 
every KB case, a linear weighted combination of the number of times it has participated 
in CBR decisions, the transmitted power used in the observation modeled by the case 
and its age is employed. This combination is applied from the beginning in the update 
KB process. Less used KB cases, presenting a lower transmission power and being the 
older ones are progressively removed. This strategy differs from the previous one 
(UPODA) in two aspects: i) all considered attributes of the case are used in the renewal 
decision from the beginning and, ii) a weighted linear combination of the criteria is 
applied.  
 

3) Net Losses Heterogeneity (NELHET): this algorithm takes into account, for every KB case, 
the deviation of its net losses (CL attribute) from the global KB CL mean value. KB cases 
presenting less distance to the KB CL mean value are progressively eliminated. 
 

4) Non-Linear Impairments Heterogeneity (NLIHET): this algorithm takes into account, for 
every KB case, the deviation of its NLI attribute value with respect to the global mean 
value of the NLI parameter of the KB and the age of the case. KB cases presenting less 
distance to the KB NLI mean value and the older ones are progressively removed from 
the KB. That is, NLI heterogeneity of the KB is empowered along the renewal process. 
 

5) Net Losses Homogeneity (NELHOM): this algorithm is similar to NELHET. It also takes into 
account the deviation of the net losses value for each KB case from the KB CL mean 
value. The difference is the removal criteria, which is inverted: in NELHOM, KB cases 
showing more distance to the KB CL mean value are progressively eliminated. 

 

Table 2 summarizes the variables and attributes considered in the renewal KB decision process 
by the different dynamic learning algorithms:  



Variable Explanation 
Usefulness Number of times that the KB case has been selected for 

taking CBR decisions 
Launched Power Deviation Deviation of the transmitted power attribute of the KB 

case with respect to the global mean transmitted power 
of the KB (mean of all stored cases) 

Age of the case Time elapsed from the introduction of the case in the KB 
Launched Power Case Transmission power attribute value of the KB case 
Distance to global mean NLI Deviation of the NLI attribute of the KB case with respect 

to the global mean NLI of the KB (mean of all stored cases) 
Distance to global mean CL Deviation of the CL attribute of the KB case with respect 

to the global mean CL of the KB (mean of all stored cases) 
Table 2. Variables used for the update of the Knowledge Base 

Similarities and differences among these algorithms are summarized in Table 3: 

Dynamic  
Algorithm 

Similarities Differences 

UPODA Based on information about tx power, 
usefulness in CBR decision process (as 
UPOCA) and age of the case in KB (as 
UPOCA and HLINET). 

Against UPOCA, it privileges the 
usefulness, exploits the tx power 
deviation (not the absolute value) and 
includes a control mechanism on power 
deviation and wrong CBR decisions.  

UPOCA It exploits the usefulness, age and 
information about the tx power (as 
UPODA). 

In contrast to UPODA, it uses the 3 
variables from the start to remove cases 
from KB and uses the absolute tx power. 

NLIHET As HELHET, it focuses on one 
attribute, privileging the information 
heterogeneity in KB. As UPODA and 
UPOCA, it uses the age of the case. 

In contrast to HELHET, it uses non-linear 
impairments information instead of net 
losses. 

NELHET As NELHOM, it focuses on channel net 
losses information to select KB cases 
to be replaced. 

In contrast to HELHOM, heterogeneity 
with respect to the net losses mean value 
of KB cases is privileged. 

NELHOM As HELHET, it focuses on channel net 
losses information to select KB cases 
to be replaced. 

In contrast to HELHET, homogeneity with 
respect to the net losses mean value of KB 
cases is privileged. 

Table 3. Similarities and differences on dynamic learning algorithms 

 
4. SDN-BASED ARCHITECTURE PROPOSAL 

For the sake of completeness, we also propose a SDN-controlled optical network architecture, 
as the framework to implement the cognitive system (Figure 1). Machine learning techniques 
have also been proposed to be combined with SDN infrastructures [3] [10] [30] [31]. For 
example, in [30], a ML module based on logistic regression and integrated in the SDN 
Controller is proposed to provide dynamic network routing configuration upon the detection 
of changes in the network traffic. In [31], a ML-based OSNR monitor predictor is demonstrated 
over a field-trial testbed as a reliable and effective tool to abstract network impairments in 
SDNs, allowing handling the dynamic characteristics in software defined networks. Even 
though the industry has not released yet enough mature commercial products, we think that 
the SDN architecture may be an appropriate framework to implement such a cognitive system. 
The SDN Controller manages the optical network, offering a centralized control. It can leverage 
this role to optimize the network resources, by proactively reorganizing traffic flows, for 
example. Besides it can communicate with other databases or elements of the software-defined 
architecture to build the whole structure. The SDN controller facilitates the automation and 
flexible configuration of the network resources [11]. The network elements (e.g., the optical 
transceivers) are managed by the SDN controller through the Southbound Interface (SBI) [32]. 
In the proposed architecture, the SDN Controller hosts the CBR module. The SDN Controller will 



interact via the SBI with the network nodes. Thus, one of the functions performed by the SDN 
Controller is sending the parameters calculated by the CBR module, so as feeding it back with 
the obtained results; it is not intended to provide a detailed list of the SDN Controller functions. 
A basic exchange of three messages can be used: 1) once the CBR module has proposed a 
candidate launch power for the given end-to-end path, the SDN controller triggers the 
configuration of the transmitter to emit such launch power; 2) the SDN controller collects the 
monitored optical power of the probe signal at the receiver node; and finally, 3) upon monitoring 
information collection, if the required quality of service is not assured by the CBR launch power, 
the SDN Controller triggers the configuration of the selected emitted power; in particular it is 
increased by the difference PtxDefault - PtxCBR. We propose to rely on the OpenFlow (OF) 
protocol, to implement the interaction between the SDN Controller and the optical elements, 
although other protocols could be used. The OF protocol version 1.4.0 [33] releases extensions 
to manage optical transport networks, enabling control and status monitoring of optical devices. 
Several switch configuration messages (exchanged between Controller and Optical Network 
element (NE)) might be used to assist the selection of the optical power to be set at the 
transmitter. Several switch configuration messages (exchanged between Controller and Optical 
Network element (NE)) might be used to assist the selection of the optical power to be set at 
the transmitter. Although other options could be used, we have selected OFPT_SET_CONFIG to 
set the configuration parameters in the OF-enabled node (to indicate the CBR new transmission 
power to be used) and OFPMP_PORT_STATS multipart request (to report to the SDN Controller 
the reception power to assess whether the transmission power proposed is valid or not). If 
failed, upon receiver node’s answer, the controller would use OFPT_SET_CONFIG again to 
increase the transmission power taking into account the pre-assigned system margin value.  All 
of these messages, structures and fields could then be used by the SDN Controller to set the 
transmit power and to monitor the received power in our implementation, based on SDN-
enabled transceivers. Extensions to OpenFlow to support OTN optical transport can also be 
found in [34]. Figure 1 depicts the described mechanism. 

 

Figure 1. SDN based proposed architecture exchange mechanism using OpenFlow 

 
5. RESULTS AND DISCUSSION 

In this section, we report the performance evaluation of the active learning strategies. First, the 
five dynamic learning algorithms are evaluated. To this aim, the two indicators 



“CBRSuccessRate%” and “PtxMeanSavings%” monitor the execution. Then, the algorithm 
showing the best performance is compared to the results provided by the static learning 
approach. Thus, we evaluate the increased efficiency in the transmitted optical power. The 
analysis is done considering four representative end-to-end paths of a fictitious national optical 
transport network; a more detailed analysis is presented for the shortest and the longest 
selected routes. Finally, a recommendation is done with respect to the best learning strategy to 
be applied in commercial networks. 

Based on the results presented in [3], we have selected a mean network load of 50% and the 
scheme MIN, which provides the best results in terms of both CBR success rate and transmission 
power savings globally. For the evaluation, the same initial KB and the same set of new incoming 
requests are used when applying the different learning strategies in order to perform fair 
comparison. We have generated 104 offered lightpath requests. Both observations of the initial 
KB and the new demands have been generated as explained in section 3.3. Regarding the 
performance evaluation, for every statistical result the following attributes change in each 
incoming request: required BER, throughput, assigned wavelength, number of simultaneous 
wavelengths in each link through a path, distance to the closest wavelength used in each link, 
non-linear impairments and net losses. 

5.1 Network scenario 

A fictitious national Austrian long-haul optical transport network composed of 9 nodes (Figure 
2) has been used to assess the dynamic learning approach. Over this network, we have selected 
for the evaluation four representative end-to-end paths that are heterogeneous in terms of 
length and number of network node equipment (number of fiber spans and number of network 
infrastructure, as in-line amplifiers and node elements), under the hypothesis that the ageing is 
probably affecting to the fiber and nodes’ equipment. The other LPs of the network can be 
considered as similar. A legacy fixed grid WDM network, 40 wavelengths/link, is considered, 
where signals are routed transparently without wavelength conversion, assuming a 
throughput up to 100 Gb/s. For each end-to-end path we have taken into account the spans, 
links and network nodes; the intermediate Reconfigurable Optical Add&Drop Multiplexers 
(ROADM)/Wavelength Selective Switches (WSS) are considered as pass-through Optical In-Line 
Amplifiers. Each path and the specific network situation has been characterized by the attributes 
indicated in section 3.3. The end-to-end paths selected for the evaluation have been identified 
as LP1, LP2, LP3 and LP4, with lengths of 110, 350, 460 and 785 km, respectively. Note that in-
line amplifiers are not equally spaced across a route. 

 
Figure 2. Network topology used for the analysis 



5.2 Dynamic learning algorithms evaluation and results 

Dynamic learning has been firstly assessed for the shortest path LP1. Mean transmission power 
savings and the corresponding CBR success rate have been calculated for all dynamic learning 
algorithms and the whole range of CBR parameters, i.e., k = [1,10] and r = [1,3]. It has been 
observed that when r = 1, results are worse in terms of CBR success rate, and they become very 
similar with r = 2 and r = 3. Then, we have decided to discard r = 1 and select r = 2 for the 
evaluation of the results, that is, the Euclidean distance between two network situations is used 
as similarity degree. For sake of conciseness, Figure 3 only depicts the obtained results with r = 
2 by all dynamic algorithms. 

 

Figure 3. Evolution of CBR success rate and mean transmission power savings for LP1, k=[1,10] (r=2) 
and all dynamic learning algorithms 

 

Even though it is further explained in the next paragraphs, it can be highlighted from Figure 3 
that k value maximizing performance in terms of savings and efficiency for dynamic learning 
policy can be selected in the lower k values interval, from k=3 to around k=6 or 7.  

Globally, it can be observed that, despite an initial increase, the CBR success rate decreases with 
k for all algorithms. In terms of savings, “PtxMeanSavings%” indicator increases with k until a 
certain value (between 2 and 7, depending on the algorithm); once this value is reached, 
although power savings start to slightly decrease, values remain quite stable.  

The evolution behavior of the mean transmission power savings with respect to k is directly 
related to the dynamics of the active learning strategies combined with the MIN scheme. When 
applying dynamic learning two factors come into play: first of all, there are more candidate 
neighbors with low transmission powers; and additionally, the KB has been (and is) dynamically 
renewed, with lower (and successful) stored transmission power values along the time. Then, if 
we can choose among more neighbors, whose transmission power values are continuously 
decreasing (by the KB updating dynamics and optimizing the margins), the achieved gain in 
power savings is necessarily lower when k increases. A higher k value means more candidate 
transmission power values to be selected by CBR, but simultaneously they present lower values. 
And, which is also important, when k increases more neighbors are being considered as similar; 
but for very high k values it does not necessarily mean that they will be appropriate neighbors, 
representing similar past network situations. This fact contributes to explain the CBR success 
rate reduction. That is, similarity is high with k=2; when considering k=10, the 10th closer 
neighbor does not necessarily mean that it will be similar; it explains the risk of computing with 
high k values.  



Regarding the benchmark among the different dynamic learning algorithms, UPODA shows the 
best results, specifically in the intermediate range k=[3-7]. It achieves power savings from 
73,97% in k=3 through 78,7% in k=7. In terms of CBR success rate, this algorithm provides values 
from 97,85% in k=3, decreasing to 94,62% in k=7. Although maximum savings are achieved in 
k=6, if a lower k=5 is selected, this algorithm is able to provide 78,63% in mean savings, while 
guaranteeing 96,54% of success rate. With respect to the rest of the algorithms, UPOCA shows 
approximately the same behavior as UPODA, although results are slightly worse: 77,5% of mean 
power savings with a correct CBR success rate of 94,51% are get when using k=5. As depicted in 
Figure 3, this trend is confirmed in both KPIs throughout k value evolution. Both algorithms are 
based on the same variables, as explained in section 3.4. Thus, to consider the usefulness of the 
case is important from the beginning to improve the efficiency during the update of the KB; and 
the transmission power attribute of the existing KB cases also becomes relevant. Meanwhile, 
the best results shown by UPODA reveal that it is more efficient to monitor the overall evolution 
of the mean transmission power of the KB than only focusing on the individual transmission 
power cases. Moreover, this monitoring is not required from the beginning, but only when 
deviation from the initial value starts to become relevant, 30% in our implementation. It 
represents a security mechanism to enforce the renewal of the knowledge following the 
dynamism of the network changes; but simultaneously controlling an excessive heterogeneity. 
Furthermore, monitoring the error decisions taken due to the information provided by the 
existing KB cases assists the algorithm to perform appropriately. UPOCA considers the 
transmission power as one of the variables to take decisions in the renewal, but it is 
demonstrated that taking only the individual values of the KB cases, not integrated in an overall 
context, does not lead to the best performance. NELHET or NLIHET strategies applied to this 
end-end path provide acceptable results in terms of transmitted power savings and CBR success 
rate for low k values (until k=5); from this value, global results become of medium quality when 
ensuring success rates. For example, for k set to 5, NELHET achieves its maximum savings, 
72,63%, and 92,61% of success rate. If a higher 95,29% of CBR success rate is considered by the 
operator, savings are around 70% for k=3. In turn, NLIHET offers 73,42% of savings and around 
95% of success rate for k=3. These algorithms only consider respectively the evolution of the 
non-linear impairments (NLIHET) and the channel net losses (NELHET) during the KB renewal 
process. Thus, although both variables impact the transmission power of a lightpath, considering 
these attributes individually during the KB renewal process has less impact on efficiency and it 
is not enough to optimize the performance. Even though their results are acceptable to be 
applied in commercial networks, both UPODA and UPOCA improve the efficiency. Finally, 
NELHOM algorithm behaves showing the poorest results for both indicators, when compared to 
the rest of the dynamic algorithms. This algorithm provides the best results in k=1, with a success 
rate of 94,7% and 50,59% of savings. It allows to state that keeping the maximum homogeneity 
in the global mean value of the transmission power of the recorded KB cases seems to not be 
an enough criterium to update the KB. When compared to the rest of the algorithms, HELHOM 
behaves providing not enough quality and offering results that could not be applicable in real 
networks. In conclusion, based on the above results, UPODA achieves the best performance 
results among the presented algorithms. 

Dynamic strategies for the longest network path, LP4, have also been examined. Globally the 
same behavior as for path LP1 is observed: despite an initial increase for low k values, success 
rate globally decreases with k parameter and mean transmission power savings rise until a 
specific number of neighbors (k value between 3 and 5, for this path, depending on the 
algorithm); then mean savings remain stationary, although they slowly start decreasing. UPODA 
algorithm is also that one presenting the best performance; for example, for k=3, mean savings 
reach 66,74% with 95% of success rate. Regarding the other dynamic learning strategies, the 
behavior observed is globally equivalent to LP1 path too. UPOCA evolves quite similar with 
respect to UPODA, although showing a slightly less performance (66% in savings, with 93% of 



success rate). NLIHET and NELHET behave quite similar in terms of savings, achieving around 
64% - 66% with lower k values (k=3 through k=5), although CBR success rates decrease to values 
around 92% or lower. If a higher success rate is required, then k=2 may be selected, increasing 
values to 93% and savings on 60%. Thus, the impact on the performance of the dynamic 
cognitive solution in the renewal of the KB is equivalent in terms of the considered variables for 
the longest path. HELHOM presents the poorest results, and this algorithm would not be 
selected with respect to the others. 

The longest path LP4 is the route presenting more complexity to be estimated by CBR, as it is 
the longest one, with more number of passed through intermediate network nodes; thus, there 
are more parameters to be controlled and estimated. However, it has been showed that, also 
for long end-to-end paths, to apply dynamic learning strategies leads to efficient results. Among 
the different proposed dynamic algorithms, UPODA is that one showing the best performance.   

The behavior encountered for the shortest and the longest paths is globally similar for the other 
two end-to-end routes considered in the analysis, LP2 and LP3. UPODA continues to provide the 
best performance among the dynamic learning strategies and higher mean power savings. And 
this, using lower k values, while still proposing correct CBR success rates. Summarizing them, for 
LP3 UPODA provides better transmission power savings, around 71% using k=5, while UPOCA 
reaches around 69%; the corresponding CBR success rates are 94% and 91% respectively, which 
are acceptable value and leads the operator to gain in power savings. For LP2 path, obtained 
values are similar. For sake of clarity, the obtained results for these paths and all dynamic 
learning algorithms are not depicted.  

Thus, UPODA is the algorithm providing the best performance among the different dynamic 
proposals, when applied in any of the considered paths. We have selected this algorithm to be 
applied in the KB renewal process. 

5.3 Overall performance of UPODA dynamic strategy 

Dynamic algorithms have been evaluated in the previous section. It has been shown that we can 
achieve the best trade-off performance in terms of savings by using intermediate k values, while 
guaranteeing CBR success rates; and UPODA provides the best results. In this section, we have 
compared its performance with respect to the static approach (NONE), for the different k values, 
always setting r=2. The gain in launched power savings provided by UPODA against NONE, for 
the four considered paths, is illustrated in Figure 4.  



 

Figure 4. Transmission power mean savings gain provided by dynamic UPODA algorithm against static 
NONE strategy, as a function of k (r=2) for the LP1, LP2, LP3 and LP4 end-to-end paths 

 

It can be observed in Figure 4 that if UPODA algorithm is used as the policy to dynamically renew 
the KB, telecom operator can reach higher gains than applying a static learning strategy. These 
higher gains are attained using low and lower k values than NONE, introducing less risk. 
Specifically, it can be noted that UPODA provides more gains in power savings than NONE, 
reaching around +8% for LP1 when using k=3; in case of the longest path LP4, presenting a higher 
degree of complexity to be estimated with CBR, UPODA algorithm can reach really high gains in 
transmission power savings, up to 20%, for low k=2 and k=3 values. These gains are also 
especially relevant for the LP3, reaching values of up to +18% (k=3). UPODA also shows a very 
good performance for the LP2 (gain of +7% for k=3). For this path, Figure 4 shows that UPODA 
provides better savings until k=6; from this volume of neighbors, static strategy presents better 
gain in power savings; in this situation, NONE strategy would provide a maximum gain around 
+5% if compared to UPODA, nevertheless using a high k=10 value; but even in this case, this gain 
would be lower than that one provided by UPODA (+7%), which is reached sooner by using a 
lower number of neighbors (k=3), consequently introducing less risk in the CBR decision, as 
indicated. That is, in k=10, NONE offers a 90,7% of success rate, while UPODA reaches 96,2%. A 
similar, although less remarkable, situation is observed for LP4, with NONE providing a slight 
higher gain than UPODA, but at the price of using 10 neighbors (k=10) and far from 20% offered 
by this last algorithm. Finally, correct CBR success rates are achieved for the four paths when 
using those lower k values, guarantying the quality of service for the telecom operator in case 
of using dynamic learning. In the other hand, as it can be found on Figure 4, the gain in tx power 
savings is directly proportional to the length of the LP: the longer is the LP, the higher is the 
achieved gain when applying dynamic learning.  



Figure 4 illustrates that the gain provided by UPODA when compared to NONE decreases when 
the volume of k neighbors increases. As explained in the previous section, it is directly related 
to the dynamic strategy itself and the MIN scheme: the renewed KB contain more past cases 
with lower emitted power values with respect to the static strategy. Besides, the higher the 
selected number of neighbors is, the lower the proposed transmission power will probably be. 
Thus, as k increases the obtained gain decreases in regard to NONE strategy, which does not 
modify and optimize the KB. To avoid any bias, it is relevant to highlight that the static strategy 
does not surpass the maximum power savings provided by UPODA. In particular, NONE provides 
its maximum mean savings in k=10 for LP1 (75,6%), LP4 (65,6%) and LP3 (66%), and setting k=7 
for LP2 (76,4%). In turn and respectively, UPODA achieves maximum savings values of 79% for 
LP1, 69,6% for LP4, 70,8% for LP3 and 79% for LP2, and that, using lower k values than NONE.  

The advantage of applying UPODA strategy is accentuated in Table 4, which complements the 
results depicted in Figure 4. In this table, for the first values of k parameter, the CBR success 
rates corresponding to the high gains shown in Figure 4 are indicated and compared to those 
reached by static policy. By operating the network with the k value indicated (k=3), the CBR 
success rate assured by UPODA is equivalent to the one presented by NONE. In this situation the 
added value offered by UPODA is highlighted, regarding the gain in savings against static policy. 
Moreover, absolute mean savings on transmission power offered by the dynamic strategy are 
indicated. 

 

  Table 4. CBR Success rate for higher gains provided by UPODA against NONE for the four end-to-end 
paths and added value of UPODA 

 
Decisively, if we consider the performance of UPODA from a global point of view, we address 
the best trade-off considering the best combination providing jointly higher gains in launched 
power savings, pertinent CBR success rate and k value used to reach it. The advantage of 
applying UPODA against NONE is shown. Table 5 indicates our recommendation to be applied in 
a commercial network leading to reduce the operational System Margins. 

 

  Table 5. Best Trade-off considering global performance of dynamic learning UPODA for the four end-
to-end representative lightpaths 

 
Globally, for the four representative end-to-end routes considered, the obtained results show 
that by applying appropriate dynamic learning strategies to dynamically renew online the KB the 
telecom operator can get higher gains in transmission power savings, improving the results of 



CBR methodology presented in [3], where a static KB was used during the application of the 
cognitive solution. UPODA dynamic algorithm provides the best savings among the five 
proposed KB update strategies, optimizing the performance showed by the static approach. 
According to the results, a common optimized k value for all the paths cannot be defined; 
however by selecting it in the range k=[3-5] leads to the best operational solution.   

Among the three best dynamic algorithms, UPODA is the one presenting the best performance. 
It can be explained because it leverages on the attributes that seem to have the greatest 
influence: the previous usefulness, the launched power used and the age of the KB case. 
Regarding the transmitted power this algorithm focuses on the overall mean launched power of 
the cases stored in the memory, that is, it is constantly monitored in order to assure an 
appropriate value: decisions are taken considering the deviation of each launched power case 
with respect to the controlled KB mean power value, and not only the absolute transmission 
power case. Besides, a control mechanism is integrated in the algorithm by monitoring the 
volume of error decisions considering the actual KB mean power value.  

Finally, introducing algorithms to adapt the KB could also introduce a computation overload. 
However, no remarkable additional calculation load has been observed during the evaluation. 
The computing time required to apply dynamic learning increases around 0.228 ms for a 
knowledge base of 1500 cases. The simulation was run on a Windows 7.0 machine using one 
core of an Intel Core i3-2350M processor, with CPU at 2.36 GHz and 4 GB of RAM. 

6. CONCLUDING REMARKS 

It has been demonstrated in past works that the application of the CBR methodology allows to 
achieve transmission power savings by selecting a lower transmission power value that the 
worst-case engineered pre-assigned one. This gain in transmitted power savings leads the telco 
operator to reduce maintenance costs by reducing the operation margins. In this paper, we have 
extended the static approach assumed in previous works, considering a dynamic renewal of the 
KB elements. It has been assessed that applying dynamic learning processes enhances the CBR 
performance and represents a further benefit for the telecom operator. In fact, on the basis of 
the results presented, the dynamic learning procedures allow for achieving higher mean 
transmission power savings. In particular, the UPODA algorithm, applied to renew dynamically 
the memory, provides higher gains in power savings against the best values offered by the static 
approach; the gain can achieve from +7% up to 20%, depending on the end-to-end lightpath. 
Moreover, this is achieved with low k values, representing a significant reduction of the 
complexity of the cognitive system. It is also relevant that, even though static learning approach 
may provide in some situations good mean power savings, it does not surpass the maximum 
values obtained when applying dynamic learning UPODA algorithm. This gain in savings is 
achieved while simultaneously maintaining appropriate CBR success rates applicable to 
commercial networks. Obtained cognition success rates enforce CBR as an appropriate solution, 
even though a slight decrease can be noted against the static initial policy. Future research work 
can include exploring new dynamic algorithms proposals or applying other update policies to 
the knowledge base. 
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