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Abstract—To accommodate ever-growing traffic, network op-
erators are actively deploying high-degree reconfigurable optical
add/drop multiplexers (ROADMs) to build large-capacity optical
networks. High-degree ROADM-based optical networks have
multiple parallel fibers between ROADM nodes, requiring the
adoption of ROADM nodes with a large number of inter-
/intra-node components. However, this large number of inter-
/intra-node optical components in high-degree ROADM networks
increases the likelihood of multiple failures simultaneously, and
calls for novel methods for accurate localization of multiple failed
components. To the best of our knowledge, this is the first study
investigating the problem of multi-failure localization for high-
degree ROADM-based optical networks. To solve this problem,
we first provide a description of the failures affecting both inter-
/intra-node components, and we consider different deployments
of optical power monitors (OPMs) to obtain information (i.e.,
optical power) to be used for automated multi-failure localization.
Then, as our main and original contribution, we propose a
novel method based on a rules-informed neural network (RINN)
for multi-failure localization, which incorporates the benefits of
both rules-based reasoning and artificial neural networks (ANN).
Through extensive simulations and experimental demonstrations,
we show that our proposed RINN algorithm can achieve up to
around 20% higher localization accuracy compared to baseline
algorithms, incurring only around 4.14 ms of average inference
time.

Index Terms—High-Degree ROADM, Multi-Failure Localiza-
tion, Optical Networks, Artificial Neural Networks.
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OPtical networks constitute the underlying ultra-large
capacity platform to accommodate the massive traffic

demands [1], [2] that will be required by emerging applications
in Beyond-5G/6G networks, including metaverse [3], digital
twin [4], and distributed edge computing [5], [6]. Network
operators are actively exploring how to build large-capacity
optical networks that can simultaneously support multiple fiber
links between network nodes and several nodal directions, by
leveraging high-degree reconfigurable optical add/drop multi-
plexers (ROADMs) [7], [8]. The degree of a ROADM node
(defined as ROADM degree) is the sum of the number of outgo-
ing fibers connecting the ROADM node to other neighboring
ROADM nodes, plus the number of fibers connecting the
ROADM node to local wavelength selective switches (WSSs)
in the drop plane of the local side1. For example, Fig. 1
illustrates the case of a ROADM with degree 4. In fact, on
the line side, ROADM1 is directly connected to ROADM2

through two outgoing fiber links, and to ROADM3 through
one outgoing fiber link; on the local side, two local WSSs
are used as add plane and drop plane, respectively. Thus, the
ROADM degree of ROADM1 is 4, as the sum of the number
of outgoing fibers from ROADM1 to all adjacent nodes (i.e.,
ROADM2 and ROADM3) and the number of drop plane
of ROADM1. The need for a higher network throughput is
leading network operators to investigate alternatives solutions
such as multi-fiber or multi-band transmission [9]. Multi-
fiber networks with high-degree ROADMs [10] are currently
considered as the most likely short- to medium-term solution,
especially as high-degree ROADM nodes (supporting up to 32
outgoing fibers in a single ROADM node) are now becoming
commercially available [11].

High-degree ROADMs typically comprise multiple compo-
nents, such as WSSs, pre-amplifiers (Preamp), and booster
amplifiers (Booster). These components result in intricate
internal compositions within each ROADM node, forming
intra-node networks. Meanwhile, the connection between two
high-degree ROADMs involves multiple fiber spans and inline
amplifiers (ILA), referred to as inter-node networks. In high-

1For sake of clarity, in this work, we consider bidirectional networks with
two fibers per degree. Under this assumption, the degrees in terms of entering
fibers (degreeIN ) and exiting fibers (degreeOUT ) are the same, and in
the rest of the paper we will consider, without loss of generality, always
degreeOUT .
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Fig. 1: An example of a ROADM with degree 4.

degree ROADM-based optical networks, failures may occur in
various components in both inter-/intra-node networks, leading
to data loss and performance degradation. Moreover, since
the likelihood of multiple components failing simultaneously
increases as the degree of ROADM nodes grows, multi-
failure localization for inter-/intra-node components becomes
increasingly important to ensure reliable network management.
For example, the ability to localize intra-node failures enables
new forms of intra-node lightpath recovery [12] based on
the surviving “partial degree” within a ROADM node, and
it allows to substitute/repair only selected sub-components of
a ROADM node rather than the whole ROADM node.

On the other hand, multi-failure localization covering both
inter-/intra-node components in high-degree ROADMs-based
networks presents signi�cant new challenges: (i ) the number
of failures is not a �xed value, hence, compared to single-
failure localization, multi-failure localization must address the
ambiguity regarding the identi�cation of number of simulta-
neous faulty components; (ii ) the inter-/intra-node networks
contain an extensive number of components, which signi�-
cantly complicates the task of pinpointing failure locations
with precision. For instance, if a ROADM node has four
adjacent ROADM nodes with 8 incoming/outgoing �bers
to each adjacent ROADM node, then the overall number
of inter-/intra-node components, namely incoming/outgoing
�bers, pre-/booster/inline-ampli�ers and WSS, will increase
of factor 4 and 8, from 8 to 2562.

The main contributions of this paper can be summarized as
follows:

� To the best of our knowledge, this is the �rst study investi-
gating multi-failure localization in high-degree ROADM-
based optical networks, considering both inter-/intra-node
components.

� We provide a description of the failures in high-degree
ROADM-based optical networks, and we consider a set
of different strategies for the deployment of optical power
monitors (OPMs) for monitoring optical power.

� As our main original contribution, we develop a new
method based on rules-informed neural network (RINN)
for multi-failure localization of inter-/intra-node compo-

2The factor 4 indicates the number of adjacent ROADM nodes, and the
factor 8 indicates the number of degrees from the current ROADM node to
an adjacent ROADM node. The value 8 denotes the number of components
in each degree, which includes one incoming �ber, one outgoing �ber, one
pre-ampli�er, one booster-ampli�er, two inline-ampli�ers, and two WSS.
Therefore, the total number of components is4 � 8 � 8 = 256 .

nents, which combines the advantages of both rules-based
reasoning and arti�cial neural networks (ANN).

� We extensively evaluate the performance of our proposed
RINN algorithm with both simulations and experimental
evaluations, demonstrating that our proposed RINN algo-
rithm can achieve up to around 20% higher localization
accuracy compared to the baseline algorithms, incurring
only around 4.14 ms of average inference time.

The remainder of the paper is organized as follows. Section
II reviews the related work of this paper. Section III describes
the multi-failure localization problem. Section IV introduces
the proposed framework and dataset generator in detail. In
Section V, we provide simulation evaluations and experimental
demonstrations of the proposed approach. Finally, Section VI
concludes the paper and discusses future research directions.

II. RELATED WORK

This section reviews the related work on both single-failure
and multi-failure localization in (ROADM-based) optical net-
works, and elaborates on the limitations of existing methods.
Note that failures in optical networks can be classi�ed as hard
failures or soft failures [13], and our proposed methodology
is applicable for localizing both of them.

A. Single-Failure Localization in Optical Networks

Failure localization has attracted signi�cant research effort
because it is vital to ensure swift network recovery [14], [15].
Many studies have addressed hard-/soft-failure localization of
single failures occurring in �ber links or switching nodes
in optical networks [13], [16]–[22]. For example, failure
localization is carried on using heuristic algorithms and/or
integer linear programming (ILP) models considering mainly
one link failure [16]–[18]. Speci�cally, normal links can be
easily identi�ed if a receiver receives a normal optical signal,
as all the links traversed by the corresponding lightpath (LP)
are normal. Conversely, an abnormal link may be identi�ed
if multiple receivers of LPs crossing that link observe an
abnormal optical signal [18].

With the recent rise of machine learning (ML) application,
ML algorithms are being increasingly adopted for failure
localization in optical networks. Ref. [19] leverages neu-
ral evolution networks for fault localization in the optical
interconnect network for cloud data centers. Since failures
might also affect telemetry, making available only a subset
of the required telemetry data, Ref. [13] proposes an ML
framework for localizing soft failures with partial telemetry.
Ref. [20] leverages knowledge graphs to analyze alarms,
and introduces graph neural networks to locate the network
faults. All the previously mentioned works focus on failure
localization on either nodes and links, while Ref. [22]–[25] are
the �rst to investigate failure localization for both intra-/inter-
node components using ML-based approaches. For instance,
Ref. [22] proposed an attention-mechanism-enabled fault lo-
cation method for both intra-/inter-node components based
on network-wide monitoring data in broadcast-and-selected
(B&S) ROADM optical networks. However, these previous
works did not consider multi-failure localization and could
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not be scaled to high-degree ROADM-based optical networks,
while our RINN allows to tackle scenarios with large WSSs
and the number of �bers per link up to 15.

Note that a novel monitoring technique, namely, power
pro�le estimation (PPE), is under initial experimental demon-
stration [26], [27], which has (not yet investigated) potential
to perform failure localization on a network scale as discussed
in Ref. [28]. However, this work does not consider PPE for
failure localization as the investigation of PPE is still at an
early stage, and it has not yet been deployed in commercial
optical networks.

B. Multi-Failure Localization in Optical Networks

While most literature focuses on single-failure localization,
a few works have addressed multi-failure localization in optical
networks using both heuristic algorithms [29]–[32]. Ref. [29]
presents a novel multi-fault localization mechanism utilizing
a fuzzy fault set for ef�cient and scalable fault localization in
large-capacity optical transport networks. Ref. [30] proposes
two novel algorithms, namely, a tree-decomposition-based
algorithm and a random walk-based algorithm for multi-link
failure localization in all-optical networks. Ref. [31] localizes
soft failures by leveraging degradation detection of quality of
transmission (QoT). Ref. [32] is limited to hard failures, while
the proposed RINN solution extends to soft failures.

In addition to the aforementioned approaches based on
heuristic algorithms, some other works also investigate ML-
based algorithms for multi-failure localization [33]–[36].
Speci�cally, Ref. [33] proposes an ef�cient hybrid multi-
failure localization algorithm based on Hop�eld Neural Net-
works (HNNs) for coexisting radio and optical wireless net-
works in 5G. Ref. [34] utilizes both the backpropagation
(BP) neural network and the long short-term memory (LSTM)
neural network to enhance multi-fault localization in 5G coex-
isting radio and optical wireless networks. Ref. [35] reports the
experimental demonstration of ML-based double-failure local-
ization, where principal component analysis (PCA) is used
to reduce non-essential information. Ref. [36] uses arti�cial
neural network (ANN) and Gaussian process regression (GPR)
to localize the soft-failure location. The authors consider
two soft-failure types of WSS, and the localization accuracy
reaches 95%. Furthermore, Ref. [37] considers different hard
failures, including �ber links and network components. The
results allow to determine the availability of a wavelength
connection subject to the transmission distance and the number
of traversed hops.

In summary, while some studies have explored multi-failure
localization in optical networks, to the best of our knowledge,
no existing work has speci�cally addressed multi-failure lo-
calization considering both intra- and inter-node component
failures and considering a scalable solving method suitable
for high-degree ROADM-based optical networks.

III. SYSTEM MODEL

In this section, we describe the architecture of high-degree
ROADM-based optical networks, and provide a possible com-
prehensive description for different failure types of inter-/intra-

Fig. 2: A fully-connected high-degree ROADM node.

node components. We also introduce the OPM and deployment
strategies.

A. High-Degree ROADM-based Optical Networks

High-degree ROADM-based optical networks consist of
high-degree ROADM nodes interconnected by multiple �bers
between adjacent ROADM node pairs. This work considers a
fully-connected high-degree ROADM architecture, as shown
in Fig. 2. The ROADM node can support different directions
connecting to other ROADM nodes (the “line side”) together
with one direction to the add/drop module in the node itself
(the “local side”). Let us denote the set of neighboring
ROADM nodes of ROADM nodei as R i . Assume that the
ROADM nodei can connect to the neighboring ROADM node
j 2 R i with H i;j outgoing links, indicating that neighboring
ROADM nodej contribute toH i;j degrees for ROADM node
i . Thus, the degree of ROADM nodei related to the line side
is

P
j 2R i

H i;j . In addition, assume that the number of WSS
in the drop plane is� i , then the degree of ROADM nodei
related to the local side is� i . Hence, the ROADM degree of
nodei can be calculated with Eqn. (1), whereN is a set of
ROADM nodes. Fig. 2 shows an example of calculating the
degrees of the ROADM nodei , which has two neighboring
ROADM nodes (nodej and nodez). The number of outgoing
links from ROADM nodei to ROADM nodesj and z is 2
and 1, respectively, and the number of WSS on the local side
is 2. Hence, the ROADM degree of nodei is 5. All the sets
and parameters are listed in Table. I.

L i =
X

j 2R i

H i;j + � i ; 8i 2 N (1)

Let us now discuss the constraints of the number of ports of
the WSSs in the ROADM node. The line side is equipped with
1� k line-WSS, and the local side is equipped withn� m local-
WSS (n � m). Since we consider a fully-connected ROADM
architecture, the signal received in each line-WSS needs to
have enough ports to directly connect to all the other line-
WSSs and one local-WSS at the local side. Hence, the number
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TABLE I: Sets and De�ned Parameters

Params Description

N Set of ROADM nodes
L Set of LP requests
M Set of candidate OPM locations
R i Set of neighboring ROADM nodes

of ROADM nodei , i 2 N
	 m Binary, 1 if OPM is placed in

candidate locationm, m 2 M
L i ROADM degree of nodei , i 2 N
� i;j Length of link (i; j ), i; j 2 N ; i 6= j
z Components in all LPs
x Power values of OPM before failure
x Power values of OPM after failure
C Number of components
Cnode , Clink Number of node and link components
M Number of candidate OPM locations, i.e.,jMj
M node , M link Number of candidate OPM locations

in nodes and links
H i;j Number of single-direction �bers between

nodei and nodej , i; j 2 N ; i 6= j
m, n Number of ports of local-WSS (m � n)
k Number of ports of the side for intra-node

connection in the considered1 � k line-WSS
Si;j Number of �ber spans in link(i; j ),

i; j 2 N ; i 6= j
L span Length of single �ber span
� i Number of local WSSs in add side

or drop side of ROADM nodei , i 2 N
� A negative constant value for padding

OPM location when no OPM is
deployed in the location

of ports (i.e.,k) of the line-WSS for intra-node connection
should satisfy the following Constraint (2):

k �
X

l 2R i ;l 6= j

H i;l + 1 ; 8i 2 N ; j 2 R i (2)

The ROADM degree is related to the connection between
the line-WSSs on the line side and local-WSSs on the local
side. In this work, we consider that a line-WSS is only
connected to a local-WSS. The remaining ports (equal tok� 1)
are connected to up tok � 1 line-WSSs, and hence we can
havek line-WSSs. Since the number of portsm in n� m WSS
is usually much smaller than the number of portsk in 1 � k
WSS with the current devices [11], [38], we need multiple
local-WSSs to connect to all the line-WSSs. Speci�cally, the
Constraint (3) enforces that the local side can connect to any
line-WSS. The total number of ports in all the local-WSSs for
connection with the line side should be greater than the number
of line-WSSs on the line side. According to Constraint (3),
we can deduct the number of local-WSS required on the local
side as shown in Constraint (4), wheredxe denotes the ceiling
operation forx.

m � � i �
X

j 2R i

H i;j ; 8i 2 N (3)

� i =
� P

j 2R i
H i;j

m

�
(4)

Let us now enumerate all the possible failed components,
which can be used to quantify the complexity of the failure

Fig. 3: A multi-�ber link between two ROADM nodes.

localization problem for high-degree ROADM-based optical
networks. The number of componentsC in high-degree
ROADM-based optical networks can be calculated as the sum
of the number of intra-node components (denoted withCnode )
and the number of link components (denoted withClink ) as
in Constraint (5). We ignore failures ofintra-node �bersand
connectorsdue to their typically minimal impact on the overall
attenuation. The total number of intra-node components can
be calculated as in Eqn. (6), which includes the number of
transponders, local WSSs3, pre-ampli�ers/boosters, and line
WSSs. As shown in Fig. 3, we consider multiple �bers to
connect ROADM nodei and ROADM nodej . As for the
inter-node components, let usSi;j denote the number of �ber
spans in link(i; j ), which can be calculated by Eqn. (7) as
the ceiling of the ratio of the length� i;j of link (i; j ) over the
length of a single span denoted withL span . Then the number
of components in a single �ber from nodei to node j is
2� Si;j � 1, which includesSi;j �ber spans andSi;j � 1 in-line
ampli�ers. Thus, the total number of link componentsClink

can be calculated as in Constraint (8).

C = Cnode + Clink (5)

Cnode =
X

i 2N

0

@n � � i + 2 � � i + 4 �
X

j 2R i

H i;j

1

A (6)

Si;j =
�

� i;j

L span

�
(7)

Clink =
X

i 2N

X

j 2R i

H i;j � (2 � Si;j � 1) (8)

B. Description of Failure Types

High-degree ROADM-based optical networks suffer from
failures in four categories, including transponders, pre-/line-
ampli�ers, boosters, local-/line-WSS, and inter-node �ber
spans as shown in Table II. We consider both hard failures,
which completely disrupt the signal, and soft failures, which
degrade the signal. A common hard failure across multiple
components isbreak. This refers to a situation where the
component is entirely not functional, usually because its oper-
ational parameters fall below a critical threshold required for
functionality (de�ned asbreak threshold). For transponders,
a break occurs when the signal launch power is too low to
maintain transmission. For ampli�ers,break indicates that the

3A WSS with m � n ports is usually a sub-WSS system [38], but for
simplicity, this paper considers it as a single component.
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TABLE II: Description of Failure Types

Failure components Failure Types Failure Descriptions

Transponders Break (hard failure) Launch power is lower than the break threshold
Launch power degradation (soft failure) Launch power is lower than the expected value

Pre-/Post-/Line-ampli�ers Break (hard failure) Ampli�er gain is lower than the break threshold
Gain degradation (soft failure) Ampli�er gain is lower than expected value

Local-WSS, line-WSS
Break (hard failure) Insertion loss exceeds the break threshold
Excessive �ltering (hard failure) Abnormal wavelength �ltering
Extra attenuation (soft failure) Insertion loss is larger than the expected value

Inter-node �ber spans Break (hard failure) Fiber loss exceeds the break threshold
Loss degradation (soft failure) Fiber loss is larger than expected loss

ampli�er gain is insuf�cient (lower than the break threshold) to
amplify the signal properly. For inter-node �ber spans, abreak
occurs when �ber loss is so high that it exceeds the break
threshold, leading to a complete signal loss. Another hard
failure considered is theexcessive �lteringof local-WSS and
line-WSS components in case of abnormal wavelength �lter-
ing. Aside from hard failure, we also consider soft failures as
follows. Transponders, pre-/line-ampli�ers, and boosters may
suffer from launch power degradation and gain degradation,
respectively, which imply that the components are functioning,
but at a reduced functionality. Speci�cally,launch power
degradationoccurs in the transponder when the launch power
is lower than the expected value, andgain degradationoccurs
in the pre-/line-ampli�ers and boosters when the ampli�er gain
is lower than the expected value. Besides, local-WSS and
line-WSS components can also experienceextra attenuation
when the insertion loss exceeds the expected value. Moreover,
the inter-node �ber spans suffer from loss degradation when
the �ber loss is larger than the expected loss. In this study,
we assume that all the failures listed in Table II may occur
simultaneously, and the objective is to localize and identify all
the failures.

C. Optical Performance Monitors

1) Monitoring of Signal Power:In this work, we consider
deploying low-cost OPMs that only monitor signal power to
reduce the monitoring cost. Although expensive and more
complex OPMs [39] can monitor other physical metrics be-
yond signal power, e.g., BER, OSNR, etc, as they are usually
expensive and are not considered in this work.

OPMs can be deployed between every two adjacent com-
ponents listed in Table II, and the location where OPM can
be deployed is de�ned ascandidate OPM location. Assume
that the total number of candidate OPM locations is denoted
with M , which equals the sum of the number of candidate
OPM locations in nodes (de�ned asM node ) and the number
of candidate OPM locations in links (de�ned asM link ), as
shown in Constraint (9). Regarding the candidate locations of
nodes, as shown in Constraint (10), OPMs can be placed in the
input/output of pre-ampli�ers/boosters, output (input) of the
transponders, and all ports of line-WSS together with local-
WSS as shown in Fig. 4. Speci�cally, the number of candidate
OPM locations between transponders and local WSSs equals
the number of transponders, namely2 � n � � i . The number
of candidate OPM locations related to pre-ampli�ers/boosters,
either between pre-ampli�ers/boosters and line-WSSs or be-
tween pre-ampli�ers/boosters and inter-node �bers, is di-

Fig. 4: Candidate OPM locations.

rectly equal to the number of pre-ampli�ers/boosters, denoted
with

P
j 2D i

(2 � H i;j ). Besides, the number of candidate
OPM locations between local-WSSs and line-WSSs equalsP

j 2D i
(2 � H i;j ), considering the add and drop plane. In

addition, the number of candidate OPM locations between
line-WSSs equal

P
j 2D i

P
l 2D i ;l 6= j H i;j � H i;l , as each port

should directly connect to all the other ports. In summary, the
number of candidate OPM locations for links can be calculated
in Constraint (10). Regarding the candidate OPM locations
in links, as shown in Fig. 4, OPM can be placed at the
input and output of line-ampli�ers. These locations correspond
respectively to the ending of the previous �ber span and the
beginning of the current �ber span, and hence, the �ber span
can also be monitored with the OPM placed at the input and
output of the line ampli�ers. Constraint (11) shows the number
of OPM locations in links.

M = M node + M link (9)

M node =
X

i 2N

X

j 2D i

(6 � H i;j +
X

l 2D i ;l 6= j

H i;j � H i;l )

+
X

i 2N

2 � n � � i

(10)

M link =
X

i 2N

X

j 2D i

2 � (Si;j � 1) (11)

2) OPM deployment:Network operators prefer expect to
deploy fewer OPMs to reduce capital expenditures, i.e., OPMs
are not deployed “by default” everywhere [13]. In addi-
tion, some devices, such as transponders, may be already
equipped with built-in OPMs to monitor the output/input



IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. X, NO. Y, FEBRUARY 4, 2025 6

power. Consequently, the failure-cause localization accuracy
heavily depends on strategic OPM deployment. Assume that
the set of all OPM placement locations is denoted withM =
f 1; 2; :::; M g. This work considers a uniform distribution to
deploy OPMs (optimized deployment is left as future work),
and the number of deployed OPMs isM 0. Then, one OPM

is deployed everyI =
�

M
M 0

�
OPM candidate locations, and

the set of locations deployed with OPMs can be de�ned as
M 0 = f mI jm 2 1::M 0g. Let 	 m represent the placement of
OPM in a candidate locationm, such that	 m = 1 indicates
OPM is placed in locationm, as detailed in Constraint (12):

	 m =

(
1; if m 2 M 0

0; else
; 8 m 2 M (12)

We now show an example of uniform OPM deployment in
Constraint (12) with Fig. 5, where 3 OPMs are deployed in a
network with 9 candidate OPM locations. In this example,
I = 3 , indicates that one OPM is deployed for every 3
candidate OPM locations. Consequently, the selected candidate
OPM locations to deploy OPMs are 3, 6, and 9.

Fig. 5: An example of uniform OPM deployment.

These signal powers collected from OPMs will be used to
achieve multi-failure localization using our proposed RINN,
described in the next section.

IV. RULES-INFORMED NEURAL NETWORKS FOR

MULTI -FAILURE LOCALIZATION

In this section, we describe the pipeline of our proposed
rules-informed neural network, which levearges a rules-based
reasoning algorithm to decrease the size of the input fed
to the ANN used for failure localization, making it more
scalable and suitable to high-degree ROADM-based optical
networks. Then, we analyze the corresponding computational
complexity. At last, we discuss the benchmark algorithms, and
our dataset generator used to train and test all approaches.

A. Pipeline of Proposed Solution

The pipeline of the proposed solution consists of two stages,
namely, rules-based reasoningmarked in blue andneural
networks marked in green, as shown in Fig. 6. Since the
number of components in high-degree ROADM-based optical
networks is high (e.g., the number of components is 5306 for
the 14-node national Japan topology used in our study), it is
hard to accurately localize failures for all components with
only neural networks. The proposed rules-based reasoning
algorithm applies a threshold-based pre-classi�cation based on
the power values in each LP, and pre-classi�es the components
into normal components, faulty components and suspected
faulty components. After this rules-based reasoning, the neural

Fig. 6: Pipeline of rules-informed neural networks.

network only needs to further classify a small amount of sus-
pected faulty components into normal components and faulty
components, achieving a scalable multi-failure localization
pipeline.

B. Rules-based Reasoning Algorithm

Given L as the set of LPs in the network, assume thatpl is
the number of components in LPl 2 L . The components in
all the LPs are denoted withz as shown in Eqn. (13), where
zl;i denotes thei -th component in LPl 2 L . In each LP, one
OPM can be deployed between any two adjacent components.
The obtained power values from OPM are denoted with
x as in Eqn. (14), wherex l;i denotes the power value in
the monitoring location between thei -th component and the
(i + 1) -th component in LPl 2 L . If no OPM is deployed
between thei th component and the(i + 1) -th component in
LP l 2 L , the corresponding power valuex l;i is assigned
with a small negative constant value� as a �ag for no OPM
deployed. For the last component (i.e., transponder) in the LP,
although the signal terminates in the transponder and no OPM
can be deployed after the transponder, we can still infer if any
components fail in the LP by detecting if the transponder can
successfully receive the signal. Thus, if the transponder (the
pl -th component in LPl) can successfully receive the signal,
x l;p l is assigned with a �xed constant equal to 1 as a �ag for
successfully receiving the signal. Otherwise,x l;p l is assigned
with a �xed constant equal to 0.

z =

8
>>>><

>>>>:

[z1;1; z1;2; :::; z1;p1 ]
[z2;1; z2;2; :::; z2;p2 ]
:::h
zjLj ;1; zjLj ;2; :::; zjLj ;p jLj

i
(13)

x =

8
>>>><

>>>>:

[x1;1; x1;2; :::; x1;p1 ]
[x2;1; x2;2; :::; x2;p2 ]
:::h
x jLj ;1; x jLj ;2; :::; x jLj ;p jLj

i
(14)

We develop a rules-based reasoning algorithm based on the
power values monitored from OPMs. Speci�cally, we identify
normal, suspected faulty and faulty components based on two
key rules. (1) Two thresholds� l;i and � l;i (� l;i � � l;i ) are



IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. X, NO. Y, FEBRUARY 4, 2025 7

designed to judge the status of componentzl;i . The procedures
of classifying components according to the thresholds are
elaborated as follows. We �rst calculate the optical power
changex l;i using the equationx l;i = jx l;i � x l;i � 1j, where
x l;i � 1 andx l;i denote the power values collected from (i � 1)-th
OPM andi -th OPM in lightpathl , respectively. The algorithm
identi�es the status for different components separately. For
ampli�ers, if the optical power changex l;i is above a given
threshold � l;i , the componentzl;i is normal; if the optical
power changex l;i is low another given threshold� l;i , the
componentzl;i is faulty. For WSS and �ber spans, if the
optical power changex l;i is above a given threshold� l;i , the
componentzl;i is faulty; if the optical power changex l;i is
low another given threshold� l;i , the componentzl;i is normal.
Otherwise (i.e.,� l;i � x l;i � � l;i ), the componentzl;i is
considered as a suspected faulty component. (2) We design
another threshold� l;i to judge the status of those components
before OPMi in lightpath l . If the power valuex l;i becomes
higher than a threshold� l;i , all the components before thei -th
OPM in LP l are normal. Otherwise, at least one component
before the OPMi in lightpath l fails.

Let us now discuss how to decide the thresholds� l;i and� l;i .
Although each component has its component speci�cation,
e.g., the normal region of ampli�er gain for ampli�ers, the
real-time value of components is not always equal to its
component speci�cation (with a small jitter). Due to the
oscillatory nature, the thresholds should be strictly designed
to ensure that the component is not misclassi�ed. We �rst
collect the lastjT j monitoring power change values, which
is denoted withx l;i;t (t 2 T). We obtain the status of
componentzl;i for x l;i;t , where the binary variable
 l;i;t = 1
denotes normal, while
 l;i;t = 0 denotes faulty. We divide
x l;i;t (t 2 T) into two sets: setP is de�ned as the index
of the monitoring power change of normal component, which
can be obtained by settingP = f pjp 2 N : 
 l;i;p = 1g.
Similarly, set Q is de�ned as the index of the monitoring
power change of the faulty component, which can be obtained
by settingQ = f qjq 2 N : 
 l;i;q = 0g. If componentzl;i

is an ampli�er, the thresholds can be calculated using the
equations� l;i = avef x l;i;t jt 2 Q; x l;i;t < M̂ g and � l;i =
avef x l;i;t jt 2 P; x l;i;t > M g, whereM̂ = min f x l;i;t jn 2 Pg
and M = maxf x l;i;t jt 2 Qg. If componentzl;i is not an
ampli�er, we obtain the thresholds by the equations� l;i =
avef x l;i;t jt 2 Q; x l;i;t > m̂g and � l;i = avef x l;i;t jt 2
P; x l;i;t < mg, where m̂ = maxf x l;i;t jt 2 Pg and m =
min f x l;i;t jt 2 Qg. Similarly, we decide the threshold� l;i

using lastjT j power valuesx l;i;t (t 2 T) collected fromi -
th OPM in LP l. Speci�cally, the threshold� l;i is calculated
using the equation� l;i = avef x l;i;t jt 2 P; x l;i;t > M g, where
M = maxf x l;i;t jn 2 Qg. There are more new power values
with the running of optical networks. The existing thresholds
may be not suitable for the new status. Therefore, we will
repeat to collect power values, and then update the thresholds
using the newestjT j values. The above method is named as
moving-window-based threshold determination.

The proposed rules-based reasoning algorithm is shown in
Algorithm 1. The inputs are the set of LPsL , the components
z, the power valuesx, the thresholds� , � and� and a negative

Algorithm 1: Rules-based Reasoning Algorithm
Input: L ; z; x, � , � , � , �
Output: Nnormal , N failure , Nsuspect

1 Initialize Nall  fg , Nnormal  fg , N failure  fg ,
Nsuspect = fg

2 for each LPl 2 L do
3 i s  0
4 for i = 1 to pl do
5 Nall  Nall [ f zl;i g
6 if i � 2 ^ i < p l ^ x l;i � 1 6= � ^ x l;i 6= � then
7 x l;i  j x l;i � x l;i � 1 j
8 if zl;i is an ampli�er then
9 if x l;i � � l;i then

10 Nnormal  Nnormal [ f zl;i g
11 end
12 if x l;i < � l;i then
13 N failure  N failure [ f zl;i g
14 end
15 end
16 if zl;i is not an ampli�er then
17 if x l;i � � l;i then
18 N failure  N failure [ f zl;i g
19 end
20 if x l;i < � l;i then
21 Nnormal  Nnormal [ f zl;i g
22 end
23 end
24 end
25 if x l;i � � l;i then
26 i s  i
27 end
28 end
29 if i s > 0 then
30 for j = 1 to i s do
31 Nnormal  Nnormal [ f zl;j g
32 end
33 end
34 end
35 Nsuspect  Nall n (Nnormal [ N failure )
36 ReturnNnormal , N failure , Nsuspect

constant value� . The outputs are the set of normal compo-
nents, the set of faulty components, and the set of suspected
faulty components. The algorithm starts by initializing four
empty sets for all traversed components, normal components,
faulty components, and suspected faulty components, which
are denoted byNall , Nnormal , N failure , Nsuspect , respectively
(line 1). Then, the algorithm loops over all LPs to check the
corresponding power values in the OPMs of each LPs and
determine the status of all components (line 2-35). During the
loop over OPMs in each LP, the algorithm setsi s to 0 (line
3), and then identi�es the status of components between two
adjacent OPMs. The algorithm �rst determines the status of
components based on optical power changex l;i in adjacent
OPMs (line 6-24). We calculate the optical power changex l;i

passing through componentzl;i in line 7, and then judge which
the componentzl;i is an ampli�er or a WSS/�ber in line 8
and 16, respectively. If the componentzl;i is an ampli�er, we
comparex l;i with the thresholds� l;i and� l;i in line 9 and 12,
and then judge the status of componentzl;i in line 10 and 13.
If the componentzl;i is a WSS or �ber span (line 16), we
also comparex l;i with the thresholds� l;i and � l;i in line 17
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Fig. 7: Illustration of rules-based reasoning algorithm.

and 20, and then identify the status of componentzl;i in line
18 and 21. Then, the algorithm continues to determine the
status of components based on normal OPMs. Speci�cally,
the algorithm compares the threshold� l;i with the monitor
value x l;i in line 25. If the monitor valuex l;i is above the
threshold� l;i , we set all the components before OPMi to
be normal components (line 29-34). After that, the set of
suspected faulty components is obtained by removing all the
determined normal components and faulty components from
the set of all traversed components (line 35).

The proposed rules-based reasoning algorithm is illustrated
with an example in Fig. 7, representing two lightpaths LP1 (in
purple solid line) and LP2 (in blue dotted line). First, the algo-
rithm observes the optical power change between two adjacent
OPMs as shown in Fig. 7(a). We de�ne adjacent OPMs only
those OPM that are located both before and after a component.
In this example, the adjacent OPMs are only the OPM before
and after componentz1;5, and the OPM before and after
componentz2;5. After comparing the optical power change
between these adjacent OPMs, componentz1;5 and component
z2;5 are determined to be faulty and normal, respectively. The
algorithm then further identi�es normal components, as shown
in Fig. 7(b). In LP 1, since the monitor valuex1;1 between
componentz1;1 and componentz1;2 is above the threshold
� 1;1, componentz1;1 is determined to be normal. For LP 2,
since the monitor valuex2;4 between componentsz2;4 and
z2;5 is above the threshold� 2;4, all the components traversed
in the LP 2 before this OPM (i.e., componentsz2;1, z2;2, z2;3

andz2;4) are normal.
Complexity analysis: The complexity of the rules-based

reasoning algorithm is analyzed as follows. Assume that the
maximum number of hops of LP isO(pmax ). Then, for each
LP, the complexity of reasoning with power loss between
two adjacent OPMs (line 4-19) isO(pmax ). Moreover, the

complexity of reasoning with power in normal OPM (line 20-
25) is alsoO(pmax ). Hence, the overall complexity of the
rules-based reasoning algorithm for all the LPs isO(pmax jLj ).

C. Rules-Informed Neural Networks for Multi-Failure Local-
ization

An arti�cial neural network (ANN) model is designed to
further predict the status (i.e., failure or no-failure) of all
the suspected faulty components. The model takes the power
values of each suspected faulty component (as identi�ed by
the rules-based reasoning algorithm) and outputs the status
of the component (normal or faulty). Therefore, the problem
of assessing the status of all suspected faulty components
is modeled as a set of binary classi�cation problems to
classify all the components. Note that we avoid using a neural
network to simultaneously predict the status of total suspected
faulty components because the number of suspected faulty
components varies with each failure scenario. To generalize
ANN across different failure scenarios, padding would be
required to account for all suspected faulty components.

Fig. 8: Illustration of failure localization with RINN.

The proposed ANN model will analyze the power values
of OPMs for each suspected faulty component from the rules-
based reasoning algorithm, as shown in Fig. 8. Speci�cally,
for each suspected faulty component (e.g., componentc2 in
the example in the �gure), the inputs contain the information
related to power values from OPMs of all the LPs traversing
the component. The information used for each LP traversing
the component includes the number of hops in the preceding
OPM before the suspected faulty component (de�ned asl1),
the corresponding power values in the last monitoring time
(de�ned asp1), and the power values in the current monitoring
time (de�ned asp0

1). In addition, the inputs also contain the
number of hops in the subsequent OPM after the suspected
faulty component (de�ned asl2), the corresponding power
values in the last monitoring time (de�ned asp2), and the
power values in the current monitoring time (de�ned asp0

2).
If no component exists before or after the component in the
LP, the corresponding inputs are set to 0. All information is
�attened into a vector, whose length matches the maximum
number of LPs traversing any component, with the upper
bound being the total number of LPs. For components with
fewer traversing LPs, the remaining slots in the input vector are
padded with 0 to maintain a uniform length. This work adopts
Binary Cross-Entropy Loss as shown in Eqn. (15), whereL
denotes the loss value,� (x) = 1 =(1 + e� x ), y denotes if
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componentc is faulty, andŷ denotes the predicted result of
the current component, respectively.

L = � [y � log (� (ŷ) + (1 � y) � log (1 � � (ŷ)] (15)

D. Benchmark Methods

We compare our proposed RINN to two baselines, namely,
rules-based reasoning and arti�cial neural networks, to eval-
uate the advantages of integrating rules-based reasoning and
arti�cial neural networks. Note that all the three approaches
above adopt same input features, i.e., the power values col-
lected by OPMs.

1) Rules-based benchmark (Rules):The rules-based rea-
soning can not always directly �nd all the faulty components,
as some components may only be classi�ed into the set of
suspected faulty components. If the set of suspected faulty
components is not an empty, we randomly select some com-
ponents from it with equal probability. Then the union of the
faulty set from the rules-based reasoning and the randomly
selected components from the suspected faulty components
are considered as the determined faulty components for the
Rulesbaseline.

2) Arti�cial-neural-networks-based benchmark (ANN):We
take the ANN model [13] as a benchmark, and it follows
the architecture introduced in Sec. IV-C. Unlike the proposed
RINN, which incorporates localization results from rules-
based reasoning about suspected faulty components, the ANN
benchmarks lack this context and, therefore, are applied to all
components to identify faulty components.

E. Dataset Generator

We develop a simulator to generate the dataset as shown
in Algorithm 2. The inputs of the algorithm include the
network topology, parameters of components (note that these
parameters will be described in Sec. V), number of LP
requests, number of samples, set of possible numbers of
failures, and the number of placed OPM. The outputs are
the values of power for all the signals at each OPM in
the network, which compose our dataset. The Algorithm 2
�rst generatesjLj source/destination pair and then serves the
requests with the shortest path and �rst �t (SPFF) algorithm
to �nish the route, �ber, and wavelength assignment (RFWA).
After obtaining LP information, Algorithm 2 starts to obtain
the normal OPM values before the failure (line 5-10) and the
abnormal OPM values after failure (line 17-23). Regarding the
normal OPM values before the failure, the algorithm loops
over each LP (line 5) and obtains power values from each
deployed OPM (line 6-10). Then, Algorithm 2 generates the
OPM values after failure for each possible failure sample
s 2 S. Speci�cally, Algorithm 2 �rst randomly selects the
number of failed componentsnf from N f (line 13) and
decides the corresponding failure locations, failure types, and
failure effects for all failures (line 14-16). After obtaining the
information about failures, Algorithm 2 obtains the monitoring
values after failures for all the LPs (line 17-23).

Fig. 9 shows an example of the dataset generator with an
LP. The top table is the component parameters, where “� ”

Algorithm 2: Dataset Generator
Input: Network topology, Component parameters, Number

of LP requests (jLj ), Number of samples (S), Set of
possible number of failures (N f ), Number of placed
OPM M 0

Output: Training samples
1 for l  1 to jLj do
2 Randomly generate a source/destination pair
3 Route, and assign �ber and wavelength with SPFF

algorithm considering wavelength continuity
4 end
5 for each LPl  1 to jLj do
6 if each candidate OPM location in LPl then
7 if OPM is deployed in the current candidate OPM

location then
8 Obtain the monitoring values before failures
9 end

10 end
11 end
12 for s  1 to S do
13 Randomly select one numbern f from N f

14 for c  1 to n f do
15 Determine the failure location, failure type, and

failure effect
16 end
17 for each LPl  1 to jLj do
18 if each candidate OPM location in LPl then
19 if OPM is deployed in the current candidate

OPM locationthen
20 Obtain the monitoring values after failures
21 end
22 end
23 end
24 end

Fig. 9: Illustration of dataset generator.

denotes attenuation, and “+ ”denotes ampli�er. We also assume
the failure location is WSS3 with an extra insertion loss of
4 dB. Thus, each OPM value can be calculated according
to component parameters and failure effect, as shown in the
bottom table.

V. I LLUSTRATIVE NUMERICAL RESULTS

In this section, we �rst discuss the simulation setup and
benchmark methods. Then, we compare the performance of
our proposed RINN to the benchmark methods. Finally, we
perform experimental demonstrations to validate the proposed
approach in a real testbed.

A. Simulation Setup

We perform the simulations with a custom-built Python
and Pytorch simulator on a commercial server (CPU with i9-
10980XE and RAM with 32G). We evaluate the performance



IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. X, NO. Y, FEBRUARY 4, 2025 10

Fig. 10: Simulation topology.

of our proposed RINN on Japan topology with a �ber span of
80 kilometers [40], as shown in Fig. 10. We utilize1� 32 local-
WSS [11] with insertion loss between 3.3 dB to 6.8 dB [38]
together with8 � 24 line-WSS [38] with insertion loss equal
to 5 dB [41]. Preamp gain, Booster gain, and ILA gain are
between 18 and 32 dB, 10 and 20 dB, and 20 and 32 dB,
respectively [42]. All the parameters for simulation are listed
in Tab. III.

TABLE III: Parameters for simulation.

Params Description

Number of ports in local-WSS(k) 32
Number of ports in line-WSS(m; n ) 8; 24
Transponder power � 1 dBm
Fiber attenuation 0:2 dB=km
Insertion loss of local-WSS 3:3 � 6:8 dB
Insertion loss of line-WSS 5 dB
Preamp gain 18 � 32 dB
Booster gain 10 � 20 dB
ILA gain 20 � 32 dB
Length of single �ber span (L span ) 80 km
Set of possible number of failures (N f ) [1]; [2]; [3]; [1; 2; 3]
Number of training and testing samples 1000, 1000
Learning rate 0.0001
Number of training epochs 100
Number of training samples 2000
Number of test samples 1000

We implement a two-layer ANN model, including input
layer, single-hidden layer and output layer. The number of
neurons in the input layer is determined by the maximum
number of LPs traversing all components, multiplied by the
six features per LP as detailed in IV-C and Fig. 8. The number
of neurons in the hidden layer and output layer are 64, and 2,
respectively. The activation function of hidden layer and output
layer are sigmoid function and softmax function, respectively.
The Adam algorithm is applied as training algorithm without
any normalization way. The number of training epochs is 100,
with learning rate equal to 0.0001. The number of training
samples is 2000. The model structure and parameters used in
the RINN are consistent with those in the benchmarks.

B. Performance metrics

We evaluate the localization accuracy of the proposed
RINN using three different accuracy metrics. The localization

accuracy is de�ned as the percentages of testing samples
where the failed components are successfully identi�ed among
all the testing samples. Since we consider the multi-failure
scenario, the proposed RINN might identify only part of the
failed components in some testing samples. We de�ne two
concepts, namely,complete localization accuracyandpartial
localization accuracyto evaluate the localization accuracy.
Speci�cally, complete localization accuracy is de�ned as the
percentage of testing samples where the faulty components
identi�ed by algorithms exactly match all the actual faulty
components. Partial localization accuracy is de�ned as the
percentage of testing samples where the algorithms identify
only a partial subset of the actual faulty components (not
total actual faulty components). Moreover, we also de�netotal
localization accuracyas the percentage of testing samples
where at least one failed component can be identi�ed4. This
encompasses both situations: when the algorithm identi�es all
the faulty components (complete localization accuracy) and
when it only identi�es some of them (partial localization ac-
curacy). Consequently, the value of total localization accuracy
equals the value of complete localization accuracy, plus partial
localization accuracy.

We compare the rules-informed neural networks (named as
RINN) to rules-based reasoning (named asRules) and arti�cial
neural networks (named asANN). The complete localization
accuracy and partial localization accuracy of these approaches
are denoted withapproaches (Complete)andapproaches (Par-
tial), respectively. Note that we de�ne partial localization as
a performance metric to evaluate localization accuracy, while
the concept of partial telemetry [13] usually refers to the fact
that only part of the network monitoring data is available.

C. Investigated Failure Scenarios

We evaluate fourfailure scenarioswith one failure (named
as1-Failure), two failures (named as2-Failure), three failures
(named as3-Failure), and mixed failures with the number of
failures randomly selected from one, two, and three (named as
Mixed-Failure), respectively. We then evaluate the localization
accuracy under different percentage of OPMs, different types
of failure, and different number of LPs, respectively. The
varying percentages of OPMs simulate different practical
networks, while the number of failures, the type of failures
and the number of LPs could be changing in time. Therefore,
it is suf�cient to generate a training dataset for each speci�c
OPM percentage and train a separate ANN model for each
one. In the test procedure, we select the trained ANN models
for testing different scenarios based solely on the percentage
of OPMs rather than other factors. Note that we use some
ways to avoid data leakage that the proposedRINN learns
any speci�c failure statistics leaked from training dataset to
test dataset, which can arti�cially improve its performance.
Firstly, the training/test datasets have different LPs, including
different source/destination pairs and routing paths. Secondly,
the samples in training/test datasets have different failure

4If each testing sample only contains one failed component, we consider the
partial localization accuracy as “0%". In this condition, complete localization
accuracy equals to total localization accuracy.
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(a) Ratio of suspected faulty components vs.
percentage of OPMs.

(b) Ratio of suspected faulty components vs. number of
LPs.

Fig. 11: Ratio of suspected faulty components after rules-based
reasoning.

locations and failure effects (e.g., insertion loss values of
WSS). Therefore, for any given a training dataset and a test
dataset, they all show the signi�cant distinctions. For all the
evaluations, we obtain the localization accuracy from 1000
failure cases (i.e., testing samples) for each failure scenario
(the number of failed components in each failure case is
determined according to the failure scenario).

D. Simulation Results

1) Evaluations of rules-based reasoning:We �rst evaluate
the performance of rules-based reasoning in terms of the ratio
of suspected faulty components under different percentages
of OPMs. As shown in Fig. 11 (a), the ratio of suspected
faulty components decreases when the percentage of OPMs
increases, as the status of more components can be deter-
mined with more OPMs. For instance, for1-Failure, the
ratio of suspected faulty components decreases from 26% to
0% when the percentage of OPMs increases from 10% to

100%. Moreover, the ratio of suspected faulty components
increases with the number of failures because more LPs are
affected by the failure, making it harder to determine the status
of components. For instance, the ratio of suspected faulty
components for3-Failure is up to 1% higher than that for
1-Failure. Note that the ratio of suspected faulty components
for Mixed-Failureis close to that for2-Failure as the results of
Mixed-Failureare averaged from failure cases with an average
number of failed components equal to 2 (the number of failed
components are randomly selected from 1, 2, and 3).

As shown in Fig. 11 (b), we further compare the ratio of
suspected faulty components under different number of LPs,
where the percentage of OPMs is 60%. The ratio of suspected
faulty components reduces when the number of LPs increases,
as more components are traversed by at least one LP. For
instance, the ratio of suspected faulty components reduces
from 34% to 7% when the number of LPs increases from 40
to 100. Moreover, it is more dif�cult to identify the status of
components with a larger number of failed components. For
instance, the ratio of suspected faulty components increases
up to around 1% in3-Failure compared to1-Failure. The
above results indicate that the proposed rules-based reasoning
obtains better performance with the increase of the percentage
of OPMs and the number of LPs.

2) Evaluations of localization accuracy under different per-
centages of OPMs:We now evaluate the localization accuracy
across different percentages of OPMs, by generating a distinct
training dataset for each percentage of OPM and training an
ANN model separately. In each training dataset, the number
of failures is randomly selected from one, two, and three (i.e.,
mixed-failure), with the failure types selected randomly from
all types, and the number of LPs �xed at 100. We further
explain the test dataset used in test procedure. Each sub�gure
of Fig. 12 contains �ve percentage of OPMs, i.e., 20% to
100% (step by 20%), and there are four sub�gures, i.e.,1-
failure, 2-failure, 3-failure and mixed-failure. Therefore, the
total number of test dataset is5 � 4 = 20, where each of
them contains different percentages of OPMs and/or different
number of failures, while the type of failures is randomly
selected from all types, and the number of LPs is 100.

Fig. 12 (a) shows the localization accuracy with only
one failure. The partial localization accuracy is 0% for all
approaches, as only one component fails, and the failed com-
ponent is either identi�ed or not. TheRINN always has higher
complete localization accuracy than bothANN and Rules
across different percentages of OPMs when the percentage
of OPMs is lower than 100%. Speci�cally,RINN outper-
forms Rulesand ANN by up to 44% and 30%, respectively.
When the percentage of OPMs is 100%, all methods achieve
100% localization accuracy, as all the components can be
monitored. Moreover, when the percentage of OPMs equals
20%, the complete localization accuracy ofRules is around
0.6% higher than that ofANN, showing thatANN does not
have a good performance with a small number of OPMs.
When the percentage of OPMs increases (not reaching 100%),
the performance ofANN becomes better thanRules. For
example, when the percentage of OPMs is 80%, the complete
localization accuracy ofANN is 36% higher thanRules.
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(a) 1-failure (b) 2-failure (c) 3-failure (d) mixed-failure

Fig. 12: Localization accuracy under different percentages of OPMs.

(a) 1-failure (b) 2-failure (c) 3-failure (d) mixed-failure

Fig. 13: Localization accuracy under different types of failure.

When the number of failures simultaneously occurring in
the network increases, the overall trend for complete local-
ization accuracy remains the same for different approaches,
as shown in Fig. 12 (b)-(d). The difference is that with more
failures, the partial localization accuracy increases from 0%
in 1-failure. We take the failure scenario of 3-failure as an
example. As shown in Fig. 12(c), the partial accuracy of
RINN, ANN and Rules increases to 78%, 94% and 72%,
respectively, when the percentage of OPM is 60%. Moreover,
the total localization accuracy also increases with the number
of failures, meaning that it is easier to identify at least one
failed component with a larger number of failed components.
For instance, as shown in Fig. 12 (c), the total localization
accuracy reaches 100% for all approaches when the percentage
of OPMs equals 80%. Finally, the performance of mixed-
failure behaves similarly to the cases with two failures and
three failures, as shown in Fig. 12 (d). Speci�cally, when the
percentage of OPM is 60%, the proposedRINN has up to 20%
and 28% higher complete localization accuracy compared to
ANN andRules, respectively. Moreover,RINN has up to 14%
and 28% higher total localization accuracy compared toANN
andRules, respectively.

3) Evaluations of localization accuracy under different
types of failure: Fig. 13 shows the localization accuracy for
failures of different types of components, where the percentage
of OPM is 60%. In this evaluation, we train an ANN model
using a training dataset generated with 60% OPM. The number
of failures is randomly chosen from one, two, or three (i.e.,
mixed-failure), the failure types are randomly selected from
all available types, and the number of LPs is set to 100. In the
test procedure, each sub�gure of Fig. 13 contains four types

of failures, and there are four sub�gures. Therefore, the total
number of test dataset is4 � 4 = 16, where each test dataset
contains different types of failures and/or different number of
failures, where the number of LPs is 100.

For the scenario with one failure, the complete localization
accuracy ofRINN is higher thanANN and Rules for the
failure of all types of components, as shown in Fig. 13 (a).
When the number of failures increases, the total localization
accuracy for all types of failure increases, as it is more likely
to identify at least one failure with an increased number of
failed components, as shown in Fig. 13 (b)-(d). Moreover, it
is worth noticing that the performance ofRulesis always better
than ANN for the failure of the transponder regardless of the
number of failed components. For instance, the complete lo-
calization accuracy and total localization accuracy ofRulesare
around 16% and 14% higher than the of ANN for transponder
failure with 3-failure, as shown in Fig. 13 (c). This is because
each transponder is only connected to one LP, and hence
only one feature is available for ANN per failure scenario,
leading to insuf�cient features to identify the failure location
for transponders. Instead, multiple features are provided to
other components such as ampli�ers, as these components are
likely to be traversed by several LPs, providing more features
for ANN.

4) Evaluation of localization accuracy under different num-
ber of LPs: We now evaluate the localization accuracy under
different numbers of LPs. This evaluation uses the same ANN
model described in Sec. V-D3. As the performance under
different number of failures has already been evaluated in
Sec. V-D2 and Sec. V-D3, this part only shows the most com-
plicated scenario with themixed-failure, where the percentage
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Fig. 14: Localization accuracy under different number of LPs.

of OPMs is 60%. Since the number of LPs ranges from 20
to 100 (step by 20) in our evaluation, this work uses 5 test
dataset to evaluation all approaches, where each test dataset
includes all types of failures.

As shown in Fig. 14, theRINN always has highercomplete
localization accuracyandtotal localization accuracythan both
RulesandANN across different numbers of LPs. Speci�cally,
RINN outperformsRulesandANN by up to around 29% and
10%, respectively, in terms ofcomplete localization accuracy.
In addition, RINN has up to around 30% and 14% higher
total localization accuracythanRulesandANN, respectively.
Moreover, when the number of LPs equals 40, thetotal
localization accuracyof Rulesis around 10% higher than that
of ANN, showing thatANN does not have a good performance
with a small number of power values. When the number of
LPs increases, the performance ofANN becomes higher than
Rules in terms of bothcomplete localization accuracyand
total localization accuracy. For instance, when the number of
LPs equals 100, thecomplete localization accuracyand total
localization accuracyof ANN is up to around 15% and 11%
than that ofpartial localization accuracy.

5) Evaluation of interference time:We use a same ANN
model (described in Sec. V-D3) to evaluate the inference time.
As shown in Fig. 15, the average inference time for a single
failure sample in all approaches increases when the number of
LPs increases. Although RINN has the largest inference time,
the highest average inference time in our evaluations is still
less than 4.14 ms, showing that our proposed solution is swift
in identifying faulty components in the network.

6) Evaluation of RINN convergence:We further evaluate
the convergence procedure of the proposed RINN using a
same ANN model described in Sec. V-D3. Fig. 16 shows
the cross-entry loss values5 under different number of training
epochs, where the number of LPs is 100. The results indicate

5As mentioned in Sec. IV-C, we perform binary classi�cation for each
suspected faulty component, and the output status is failure or non-failure.
The loss values are calculated according to Eq. (15).

Fig. 15: Inference time under different number of LPs.

Fig. 16: Loss values under different training epochs.

that the training loss values decrease rapidly with the training
epochs, and then converge to stable values. For example,
the loss values converge to 0.008 when the percentage of
OPMs is 100%. Furthermore, the loss values decrease when
the percentage of OPMs increases, since the more monitoring
features can be obtained with more OPMs.

E. Experimental Demonstrations and Results

We perform experimental demonstrations on a real 3-node
ROADM-based testbed, as shown in Fig. 17. This testbed is
composed of three ROADM nodes interconnected by �bers.
Each ROADM node consists of a complex internal compo-
sition, i.e., ampli�ers, WSS, and transponders, as shown in
bottom of Fig. 17. This testbed is controlled by an SDN
controller, which can perform wavelength allocation for WSSs,
and control ampli�er gains for ampli�ers. Moreover, the SDN
controller can automatically gather the power values from
OPMs. The live traf�c of the optical network can be generated
via traf�c generator and analyzer(TGA). The failure can be
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Fig. 17: Experimental testbed with a 3-node ROADM-based
optical network.

Fig. 18: Experimental scenario with a 3-node ROADM-based
optical network.

inserted throughvariable optical attenuator(VOA), which is
able to insert loss in any location of an LP. The status of each
LP can be monitored usingoptical spectrum analyzer(OSA).
Fig. 18 shows the corresponding experimental scenario. On the
local side, the2 � 2 WSS is composed of four1 � 2 WSS6,
and several transponders are connected with WSS to inject
live traf�c. On the line side, several EDFA and WSS are used
to gain ampli�cation and wavelength switching, respectively.

The experimental demonstration procedures are illustrated
in Fig. 19. The procedures in the �gure are ordered with blue
numbers. The �rst step is to load traf�c through TGA. Then the
SDN controller performs RFWA (step 2) and con�gures WSSs
and ampli�ers to set connections for all the LPs (step 3). After
setting the connections, VOA is deployed to generate failures,
such as WSS-1 and Fiber-3 shown in top middle of Fig.
19 (step 4). Speci�cally, the components directly connected
to the VOA are considered to be failed components. After
generating failures, the power values are reported from OPMs
to the SDN controller (step 5). For example, the power value

6Due to the lack of experimental components, we do not havem � n WSS.
Instead, we use multiple1 � k WSSs to form anm � n WSS.

of one OPM (equal to1:76 dBm and marked with a purple
box) is shown in the table on the top right of Fig. 19. The
RINN framework determines the failed components based on
the monitored OPM values (step 6), and the results are shown
in top middle of Fig. 19. Finally, we can monitor the live
traf�c and LP status using TGA and OSA, respectively (step
7). In this example, the live traf�c is changing from5 Gbps
to 0 Gbps, and one LP request is rejected (i.e.,� 2), as shown
in top left and bottom right of Fig. 19, respectively.

We collect 200 training samples and 100 test samples,
respectively. These samples are used to train and test all
algorithms, respectively. As shown in Fig. 20, we also present
the localization accuracy under different percentage of OPMs,
where the number of failures are randomly selected from "1"
or "2". Unlike Fig. 12, the experimental data in Fig. 20 are
collected from a real testbed. The experimental results indicate
that the proposed RINN achieves higher localization accuracy
than baseline methods before the percentage of OPMs reaches
100%.

Based on the above simulation and experimental evalua-
tions, we summarize the reasons why the proposed RINN
outperforms theRulesbenchmark. Firstly, there is a complex
dependency relationship between continuous power values and
multiple failure locations. TheRulesbenchmark only utilizes
the pre-de�ned rules, and struggles to effectively uncover the
dependency relationship. Secondly, the power values show
an oscillatory and changeable nature in time. Since the pro-
posedRINN is a data-driven method, it is more suitable for
simultaneously analyzing the varying power values. Finally, as
shown in Fig. 6, the proposedRINN incorporates the bene�ts
of both rules-based reasoning and ANN models. Due to the
these reasons, the proposedRINN achieves higher localization
accuracy than theRulesbenchmark.

VI. CONCLUSION

This paper investigated the problem of multi-failure lo-
calization of inter-/intra-node components in high-degree
ROADM-based optical networks. We proposed a rules-
informed neural network (RINN) for multi-failure localization,
which combines the strengths of rules-based reasoning for a
small number of OPMs and the strengths of arti�cial neural
networks (ANN) for a large number of OPMs. Our exten-
sive simulations and experimental demonstrations validate the
superiority of the RINN algorithm, showcasing an enhance-
ment in localization accuracy of up to 20% and 18% over
Rules and ANN, respectively, while maintaining a practical
inference time of around 4.14 ms. In the future, we plan to
further investigate our propose solution when applied to other
ROADM architectures like Clos-based high-degree ROADM
and cascaded high-degree ROADM. The proposed RINN
solution requires a signi�cant number of training samples,
which presents a critical challenge in practical scenarios. Some
methods can address the issue of sample scarcity, e.g., digital
twins and transfer learning. Moreover, the RINN requires to be
trained on data belonging a speci�c network deployment, and
generalization of the RINN to multiple topologies remains an
open research challenge. We plan to explore these approaches
in future works.
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Fig. 19: Experimental demonstration procedures and results.
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