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ABSTRACT: In contemporary society, rapid and accurate optical cable fault detection is of paramount importance
for ensuring the stability and reliability of optical networks. The emergence of novel faults in optical networks has
introduced new challenges, significantly compromising their normal operation. Machine learning has emerged as a
highly promising approach. Consequently, it is imperative to develop an automated and reliable algorithm that utilizes
telemetry data acquired from Optical Time-Domain Reflectometers (OTDR) to enable real-time fault detection and
diagnosis in optical fibers. In this paper, we introduce a multi-scale Convolutional Neural Network-Bidirectional Long
Short-Term Memory (CNN-BIiLSTM) deep learning model for accurate optical fiber fault detection. The proposed
multi-scale CNN-BiLSTM comprises three variants: the Independent Multi-scale CNN-BiLSTM (IMC-BiLSTM), the
Combined Multi-scale CNN-BiLSTM (CMC-BIiLSTM), and the Shared Multi-scale CNN-BiLSTM (SMC-BiLSTM).
These models employ convolutional kernels of varying sizes to extract spatial features from time-series data, while
leveraging BiLSTM to enhance the capture of global event characteristics. Experiments were conducted using the
publicly available OTDR_data dataset, and comparisons with existing methods demonstrate the effectiveness of our
approach. The results show that (i) IMC-BiLSTM, CMC-BiLSTM, and SMC-BiLSTM achieve Fl-scores of 97.37%,
97.25%, and 97.1%, (ii) respectively, with accuracy of 97.36%, 97.23%, and 97.12%. These performances surpass those of
traditional techniques.
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1 Introduction

Optical Time Domain Reflectometer (OTDR) technology has been a cornerstone in the field of
optical fiber monitoring and fault analysis for decades. Traditional methods, such as the two-point method
combined with least squares fitting, have been widely used for estimating event location and loss in OTDR
traces by calculating the best-fit line between two markers [1]. While simple, these methods suffer from
limited accuracy in noisy environments, making them less suitable for modern optical networks with
increasingly stringent reliability requirements.
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To address these limitations, researchers have proposed various advanced techniques. Liu et al.
introduced the Gabor Series Representation combined with the Minimum Description Length criterion
(GSR/MDL) method and later improved it with the RIMSDE method [2], achieving higher accuracy
in event detection by leveraging matched subspace detection theory [3]. Man et al. developed an event
detection method based on the Short-Time Fourier Transform (STFT) with an exponential window and
binary signal detection theory, which enhanced OTDRS ability to detect distant events while improving
computational efficiency [4]. Furthermore, wavelet transform (WT)-based methods have shown promise due
to their scalable spatial resolution [5,6]. However, the computational complexity of WT often hinders their
practicality for real-time applications in optical fiber monitoring systems. Subsequently, Kong et al. proposed
a hybrid approach combining correlation matching with short-time Fourier transform (STFT) [7], but these
methods remain numerically intensive and struggle with low signal-to-noise ratio (SNR) environments.

In recent years, machine learning (ML) techniques have demonstrated strong capabilities in OTDR
event analysis. Abdelli et al. [8-10] demonstrated a wide range of applications of Machine Learning
techniques for laser failure mode detection, lifetime prediction and reliability enhancement. Abdelli et al. [11]
demonstrated the potential of convolutional neural networks (CNNs) for the detection and characterization
of reflection events in noisy environments. And, Abdelli et al. also used long and short-term memory
networks to detect, localize and estimate the reflectivity of fiber-optic reflection faults (events) including
connectors and mechanical splices [12]. In addition, Zhang et al. [13] showed the robustness of deep
convolutional neural networks combined with novel training methods in noisy environments, which
provides theoretical support for us to deal with noise in OTDR signals. Bidirectional Long Short-Term
Memory (BiLSTM) networks have been used to solve the time-dependent problem in OTDR traces for fault
detection and localization [14,15], and the combination of CNN and BiLSTM has been shown to perform
well in improving the accuracy and robustness of fault diagnosis tasks [14]. The ML models presented in
the two publications of [14,15] were trained using experimental data containing faults modeled using optical
components such as connectors or reflectors.

As a result, the generalization ability and robustness of these models may be severely degraded when
tested with new unseen data, including actual induced faults with a variety of modes, such as fiber bending
events generated for different values of bend radius. Furthermore, while these methods distinguish non-
reflective events from other events, they cannot readily distinguish failures due to poor splicing or fiber taps.
However, most current methods focus on single-scale analysis or rely on fixed feature extraction techniques,
making it difficult to adequately capture the multiscale nature of OTDR signals.

In the field of time series anomaly detection, Lu et al. [16] proposed a multiscale Convolutional
Long Short-Term Memory (C-LSTM) model that has demonstrated effective performance in detecting
anomalies in time series. Motivated by this success, we aim to extend the application of time series
analysis techniques to the domain of optical fiber fault detection. In this regard, we optimized the model
proposed by Lu et al. [16]. First, the original binary classification framework was modified into a multi-
classification framework. Second, the LSTM in the model was replaced with BiLSTM to enhance feature
extraction capabilities. This extension seeks to address the challenge of distinguishing faults caused by poor
splicing or fiber connectors, which are difficult to identify from OTDR signals using conventional methods.
Through experimentation, we propose three multiscale CNN-BiLSTM models: Independent Multiscale
CNN-BiLSTM (IMC-BiLSTM), Combined Multiscale CNN-BiLSTM (CMC-BiLSTM), and Shared Multi-
scale CNN-BiLSTM (SMC-BiLSTM). We observe that replacing the LSTM model with a BILSTM model
significantly improves the performance of our models, with F1 scores increasing by 0.41%, 0.8%, and 0.49%
for the respective models. Additionally, we optimize the activation functions of the models and find that
the performance is highest when using the ReLU activation function. Finally, we compare our models with
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existing machine learning algorithms for optical fiber fault detection on the public dataset OTDR_data [17].
Experimental results indicate that the overall performance of our models surpasses that of existing machine
learning methods, demonstrating the effectiveness of our approach in enhancing the detection of optical
fiber faults.

The main contributions of this paper are summarized as follows:

Proposed Three Multiscale CNN-BiLSTM Deep Learning Models: Three deep learning models of
multiscale CNN-BiLSTM (IMC-BiLSTM, CMC-BiLSTM, and SMC-BiLSTM) are proposed, which adopt
the structures of independent multiscale CNNs, combined multiscale CNNs, and shared multiscale CNNss,
respectively, effectively extracting the multiscale features of OTDR signals. This approach addresses key
challenges in optical fiber fault detection, including insufficient accuracy in noisy environments, high
misjudgment rates under complex conditions, slow detection speeds, and high equipment costs.

Robustness: The proposed models show high accuracy in classifying different types of optical fiber
faults, especially performing excellently in classifying highly significant fault types.

Parameter Optimization: By comparing the model performances under different activation functions,
it is found that using ReLU as the hidden layer activation function can achieve the highest F1 score.

The rest of this article is organized as follows: Section 2 introduces the relevant theoretical foundations
and other existing deep learning methods. Section 3 describes the three proposed models. Section 4 provides
an overview of the experimental setup, including hardware and software configuration, dataset composition,
fault categories, training programs, and evaluation metrics. Section 5 introduces the experimental results
and compares the three proposed models (IMC-BiLSTM, CMC-BiLSTM, SMC-BiLSTM) with the baseline
model. The classification performance is analyzed through confusion matrix, t-SNE visualization, and ROC
curve. Finally, Section 6 provides a summary of this study.

2 Related Work

Recent years have witnessed a rapid evolution in OTDR-based fault diagnosis, transitioning from
traditional signal processing methods to advanced machine learning and deep learning approaches.

Traditional methods, such as the two-point linear fitting technique and wavelet transform (WT)-based
localization, offer basic estimation capabilities but often struggle under noisy or low-SNR conditions [1].
While hybrid signal processing techniques, such as STFT-based correlation matching [7] and Gabor
transforms [4], improved performance in specific scenarios, their computational complexity and limited
generalization constrained practical applications.

To overcome these limitations, researchers have increasingly turned to machine learning (ML) and deep
learning (DL). Abdelli et al. [8-12] applied CNNs and LSTMs to OTDR data, demonstrating improvements
in reflection event detection and time-dependent fault localization. Soothar et al. [18] employed advanced
machine learning (ML) and deep learning (DL) techniques to detect and classify six different types of optical
fiber faults, including fiber cuts, eavesdropping, splices, faulty connectors, bends, and physical contact (PC)
connectors. Among the tested models, the hybrid CNN-LSTM architecture achieved the highest accuracy of
99%, demonstrating superior performance. Prakash and Kasthuri [19] proposed a denoising convolutional
autoencoder for fault detection in optical fibers, followed by a bidirectional gated recurrent unit (BiGRU)
for fault classification and localization. Xu et al. [20] proposed a hybrid model combining CNN-BiLSTM
and Convolutional Block Attention Module (CBAM) for identifying and classifying anchor damage events
in submarine cables. Zheng et al. [21] proposed a feature extraction algorithm combining Variational Mode
Decomposition (VMD), Mel Frequency Cepstral Coefficients (MFCC), and a Backpropagation Neural
Network (BPNN) classifier. However, the method utilized a relatively small training dataset, and its feature
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extraction process requires further optimization. Wu et al. [22] introduced an efficient 1-D CNN architecture
with an optimally selected Support Vector Machine (SVM) classifier, offering a novel data-driven recognition
approach. Nevertheless, its recognition capability was primarily limited to single vibration events, posing
challenges for mixed event detection.

Despite their effectiveness, most existing models suffer from limitations such as: Fixed-size convolution
kernels, which restrict the ability to capture multiscale temporal patterns; Shallow architectures with
insufficient contextual modeling; Limited performance on complex or mixed fault scenarios; A focus on
binary classification or limited fault categories.

In response, we propose three Multiscale CNN-BiLSTM architectures (IMC-BiLSTM, CMC-BiLSTM,
and SMC-BIiLSTM) to more effectively extract hierarchical spatial-temporal features from OTDR traces.
Our models combine multiscale convolutional encoding with bidirectional sequence modeling to better
distinguish various fiber fault types. As demonstrated in Section 5, our models outperform the part of
methods in Fl-score, generalization, and robustness under real-world conditions, validating the necessity of
multiscale and deeper architectures in OTDR-based fault diagnosis.

2.1 C-LSTM Model

As shown in Fig. 1. The C-LSTM model [23] features a hierarchical architecture that sequentially
integrates convolutional neural networks (CNNs) [24] and long short-term memory (LSTM) [25] networks.
The architecture begins with one or more 1D convolutional layers that extract local spatial features through
kernel-based filtering operations, followed by pooling layers for dimensionality reduction. These processed
features are then fed into stacked LSTM layers that capture temporal dependencies through recurrent
connections and gating mechanisms. A distinctive characteristic of C-LSTM is its dual-phase feature
learning: the CNN component acts as a spatial feature extractor that identifies local patterns in sliding
windows, while the LSTM component models longer-range sequential relationships between these extracted
features. The architecture typically concludes with fully connected layers for task-specific output generation.
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Figure 1: The architecture of C-LSTM

As shown in Fig. 2, each LSTM unit comprises a forget gate (f*), an input gate (i'), an output gate (o"),
a cell state ('), and a hidden state (k). In this equation, w denotes the weight matrix of the forget gate,
x' represents the current input, and by is the corresponding bias vector. This notation is consistent across
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the other gates as well. The forget gate determines which parts of the previous cell state should be discarded,
allowing the model to forget irrelevant information while retaining critical memory.

fr=a(wp[n 2] +by) (1)

The input gate decides which elements of the input should be integrated into the current cell state,
ensuring that essential features are retained.

i' =0 (w;i [n"7,x"] + b) 2)

The output gate regulates which information from the current cell state should be included in the hidden
state for subsequent processing.

o'=0 (wo [ht_l,xt] + bo) (3)

The combination of these gates and states allows LSTM to dynamically manage and propagate
information over time, effectively extracting meaningful temporal features from complex data.

Forget gate Input gate Output gate

¢ =tanh (wc [ht_l,xt] + bc) (4)
ch=flac it (5)
ht:ot*tanh(ct) (6)

. 3

% Ct—l Ct

i ht—l ht i

Figure 2: The architecture of LSTM

2.2 BiLSTM

BiLSTM [26] is an extension of LSTM that helps to improve the performance of the model. It consists of
two LSTMs: one forward LSTM model that takes the input in a forward direction, and one backward LSTM
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model that learns the reversed 1nput The output y* of the model is generated by combining the forward

output ht and backward output ht as described by the following equations.

h'=LSTM (xfhf—l) (7)

h'=LSTM (xt,h”) (8)

y—w; I’lt+W<— ht+b ©))
ty hty

2.3 BiGRU

The Gated Recurrent Unit (GRU) [27] is a variant of the traditional Recurrent Neural Network (RNN)
architecture, specifically designed to mitigate issues such as vanishing gradients during training [28]. It
achieves this by integrating two specialized gating mechanisms—namely, the update gate and the reset gate—
which regulate the flow of information through the network. The update gate is responsible for deciding how
much of the past information should be carried forward, effectively balancing between retaining historical
context and integrating new input. In contrast, the reset gate determines the extent to which previous hidden
states are ignored, allowing the model to selectively forget irrelevant information. As illustrated in Fig. 3,
this streamlined architecture enables GRUs to efficiently learn temporal dependencies, especially in long
sequences, while requiring fewer parameters than traditional LSTM units.

h'y New hidden

Update gate Reset gate state

|
htfl i

X ,

Hidden state @‘\ r

|  Candidate
hidden state

Figure 3: The architecture of GRU

The GRU cell updates its state at each time step ¢ as follows:

Update Gate: Here, z' represents the update gate at the current time step, o is the sigmoid activation
function, and w, and b, denote the weight matrix and bias vector, respectively.

' =0 (wx'+wh'" +b,) (10)
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Reset Gate: Here, 1 represents the reset gate at the current time step, while w, and b, denote the weight
matrix and bias vector, respectively.

rt -0 (wrxt + tht—l + br) (11)

Candidate Hidden State: In this context, ® denotes element-wise multiplication, and tanh represents
the hyperbolic tangent activation function.

it :tanh(wbxt+wh (rt(DhH)+bh) (12)

The output state h' of the GRU is a weighted combination of the previous state h' and the candidate
state i,

ht:ztG)hH+(1—zt)®lA)t (13)

Bidirectional GRU (BiGRU) is an extension of the standard GRU model. It consists of two independent
GRU units: one forward GRU and one backward GRU. The forward GRU processes the input sequence in its
original order, while the backward GRU processes the sequence in reverse order. By combining information
from both directions, BiGRU is able to capture more comprehensive sequence features.

The output of BiIGRU is obtained by combining the outputs of the forward and backward GRUs:
Forward GRU Output: The output generated by the forward GRU.

h' = GRU (xt, h”) (14)
Backward GRU Output: The output generated by the backward GRU.
h' = GRU (xt, hf‘l) (15)

Final Output: The final output is obtained by performing an element-wise sum of the forward and
backward GRU outputs, where @ denotes the element-wise summation operation.

Y =hien (16)

3 Proposed Model

In this section, we propose three multiscale CNN-BiLSTM models for addressing the multivariate
classification problem of optical fiber fault diagnosis.

To compare different multiscale strategies, we propose three variants of a BILSTM-based architecture:
IMC-BiLSTM, CMC-BiLSTM, and SMC-BiLSTM. Each model shares a common pipeline involving convo-
lution, sequence modeling, and classification layers, as shown in Algorithm 1. Their structural differences are
summarized in Table 1. Then, we will provide a detailed description of the construction of the three proposed
multi-scale CNN-BiLSTM models.
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Table 1: Comparison of internal structure of the model

Comput Mater Contin. 2025;85(1)

Model IMC-BiLSTM CMC-BiLSTM SMC-BiLSTM
CNN branch strategy 4 separate CNN Concatenated CNN 4 CNN branches
branches outputs
BiLSTM usage 4 independent 1 shared BiLSTM 1 shared BiLSTM
BiLSTMs (reused)
Feature dimension 4 x 128 =512 256 512
Notes High computation, Compact, lower cost Lower complexity, fast

strong features

inference

Algorithm 1: General workflow of multi-scale CNN-BiLSTM models

Input: OTDR trace segment X € Rbach-sizex30
Output: Predicted fault class label

Step:
I:  Add channel dimension: reshape input to X— > (batch_size, 1,30)
2:  For each predefined convolution kernel size k € {1,3,5,7}
a. Apply 1D convolution with appropriate kernel size and padding
b. Apply ReLU activation and MaxPooling
c. Permute output to shape (seq_len’, batch_size, conv_num)
3:  According to the model variant:

a. IMC-BiLSTM: Feed each CNN output into a separate BiLSTM; extract and concatenate

forward/backward hidden states

b. CMC-BiLSTM: Concatenate CNN outputs along feature dimension, then feed into a shared

BiLSTM; extract hidden states

c.  SMC-BIiLSTM: Feed each CNN output into the same shared BiLSTM; extract and concatenate

hidden states

4:  Concatenate all hidden states into a unified feature vector H

o

Apply dropout (p = 0.2)

6: Pass H through two fully connected layers:
FCl: feature_dim — 64 with ReLU
FC2: 64 — number of classes

7:  Output predicted class label

The BiLSTM used in our model follows the standard architecture introduced by Hochreiter and
Schmidhuber [29], and the corresponding gate equations are provided in Section 2.1. The CNN layers are

composed of 1D convolution, ReLU activation, and max-pooling operations, consistent with standard deep
feature extraction practices [30]. For classification, we apply a softmax layer followed by a cross-entropy loss

function to compute training gradients.

It is important to note that the proposed model is formulated as a single-label multi-class classification
task, where each OTDR trace is associated with one dominant fault type (e.g., bad splice, fiber bending, or no

fault). Therefore, the model predicts only one class per input sample. In real-world cases where multiple faults
may co-exist along the same fiber segment, the system can still detect them by segmenting the OTDR trace
and applying the model sequentially on each segment to identify distinct fault types at different locations.
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3.1 IMC-BiLSTM Model

The architecture of the IMC-BiLSTM model is illustrated in Fig. 4, and its processing workflow follows
Algorithm 1. In this model, the input is a sequence of 30 OTDR measurement points.

Figure 4: The architecture of IMC-BiLSTM model, where each scale of CNN is connected to an independent BiLSTM

A Multi-scale CNN module with four parallel branches (kernel sizes: 1, 3, 5, 7) is applied to extract
spatial features at different scales. Each CNN branch consists of a 1D convolutional layer with 64 filters,
ReLU activation, and a max-pooling operation (kernel size = 3). The outputs of these CNN branches
are then processed independently by four separate BILSTM layers, each having a hidden dimension of
64. The BiLSTM networks model the bidirectional temporal dependencies as formulated in Eqs. (7)-(9)
in Section 2.2 [29].

The resulting four BILSTM outputs are concatenated into a 512-dimensional feature vector and passed
to a fully connected network with dropout and ReLU activation for classification.

3.2 CMC-BiLSTM Model

As shown in Fig. 5, the Combined Multiscale CNN-BiLSTM (CMC-BiLSTM) model reuses the mul-
tiscale CNN module from IMC-BiLSTM but applies a feature combination strategy. Instead of assigning a
dedicated BiLSTM to each CNN branch, the outputs of all CNN branches are concatenated along the channel
dimension and fed into a single shared BiLSTM layer for sequential modeling.

Figure 5: The architecture of the CMC-BiLSTM model, where the combination of the output of multiple scale CNN is
used as the input of BILSTM
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This shared BiLSTM structure retains the ability to learn temporal dependencies while significantly
reducing the number of recurrent parameters. The final BILSTM output is passed through a two-layer dense
classifier. CMC-BiLSTM achieves a good balance between representation capacity and computational cost
by sharing the recurrent processing stage.

3.3 SMC-BiLSTM Model

As shown in Fig. 6. The SMC-BiLSTM model introduces further parameter sharing by applying the
same BiLSTM layer sequentially to each CNN branch output. Each multiscale CNN output is processed
one-by-one by the shared BiLSTM, and the resulting temporal features are concatenated into a single
feature vector. This strategy minimizes the number of parameters and is especially suited for deployment
in resource-constrained environments. The concatenated output is passed to a final classification layer as
described in Algorithm 1. The trade-off here is reduced modeling capacity compared to IMC and CMC, but
improved efficiency.

Pooling Layer ! |
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— ! O
- ReLU < ) !
Q | ‘O\”
= | [
|
| } Maxpno]mg‘O}
| J
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Figure 6: The architecture of SMC-BiLSTM model, where CNNs of multiple scales share an BiLSTM

4 Experiments

In this section, we conduct experiments using the publicly available OTDR_data [17] dataset and
compare the proposed model with other deep learning models for optical fiber fault diagnosis.

The proposed model was trained and evaluated under the hardware and software configurations shown
in Tables 2 and 3.

Table 2: Hardware configuration

Name Version
CPU Intel” Core™ i5-12400F
GPU NVIDIA GeForce RTX 3060

Memory 32G
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Table 3: Software configuration

Name Version
Operating system Windows 10
Pytorch 1.71
Cudatoolkit 11.0.221
Python 3.7.0
NumPy 1.21.5
Pandas 1.3.4

4.1 Dataset

This study utilized the publicly available dataset OTDR_Data [17], which is primarily used for capturing
various faults. The dataset includes six types of faults and 30 features, as shown in Table 4, Class 0 shows the
normal link, class 1 to class 6 show faulty links, and class 7 shows reflectors. Overall, the dataset comprises
125,832 records. Furthermore, the collected data has already undergone a data preprocessing process.

Table 4: Fault types

Class Fault type Dataset size
0 Normal 16,048
1 Fiber eavesdropping 16,000
2 Bad splice 16,000
3 Fiber bending 16,000
4 Dirty connectors 16,000
5 Fiber cut 13,849
6 PC connector 16,000
7 Reflectors 15,935

The OTDR is configured with the following parameters: a pulse width of 10 ns, a wavelength of
1650 nm, and a sampling time of 1 ns [31]. The total length of the tested fiber optic cable is approximately
14 km.

Fig. 7 shows an example of an OTDR trace. To better illustrate the differences between fault types, we
visualized the raw OTDR traces of representative samples from each class, as shown in Fig. 8. The input
features consist of 30 amplitude points (P1-P30) extracted from the OTDR signal. It can be observed that
different fault categories exhibit distinctive waveform patterns, such as sudden drops, gradual declines, or
stable segments, which serve as important cues for classification.
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Figure 8: Representative OTDR signal trace for each class. (a) Class 0 (Normal), (b) Class 1 (fiber tapping), (c) Class 2
(bad splice), (d) Class 3 (bending event), (e) Class 4 (dirty connector), (f) Class 5 (fiber cut), (g) Class 6 (PC connector),
(h) Class 7 (reflector)

4.2 Data Preprocessing

Before training the models, we performed stratified random sampling based on the dataset samples,
dividing them into training, validation, and test sets in a ratio of 6:2:2. As shown in Table 5, the same training
parameters were used for each model in the experiments.

Table 5: Training parameters of all models

Parameter Value
Learning rate 0.001
Batch size 512

Random state 1
Epochs 500

4.3 Evaluation Metrics

To objectively evaluate the performance of the proposed model on the OTDR_data dataset [17] and
demonstrate its advantages compared to other existing models, we employed various traditional evaluation
metrics to comprehensively assess the anomaly diagnosis performance of each model. Here, TP (True
Positive) represents correct predictions, TN (True Negative) represents incorrect predictions, FP represents
incorrect predictions of the correct class, and FN represents incorrect predictions of the incorrect class.

Based on the above definitions, we used accuracy, precision, recall, and F1 score as classification
evaluation metrics to assess the experimental results of the model.
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Accuracy is the proportion of correctly classified samples out of the total number of samples. It
represents the overall correctness of the model’s classification.
Tp + TN

Acc = (17)
Tp + Fp + TF + TF

Precision is the proportion of true positive samples among all samples predicted as positive by the
model. It reflects the model’s ability to reduce false positives.
Tp
Tp + Fp

Prc = (18)

Recall is the proportion of actual positive samples that are correctly predicted as positive by the model.
It indicates the model’s ability to identify all positive cases and is also known as sensitivity.
T
Rc = F
Tp + Fy

(19)

The F1 score is the harmonic mean of precision and recall, providing a balanced evaluation metric that
considers both false positives (FP) and false negatives (FN).
Prc x Rc
Fl=2x — = (20)
Prc+Rc
Delay: The fiber optics is a delay-sensitive network, which requires less delay while classifying the attack
type. In the proposed system, the delay measures the average time each ML classifier takes for testing,
illustrating the computational efficiency in terms of processing time. Through this evaluation, this work aims
to identify classifiers that strike the optimal balance between accuracy and computational efficiency, ensuring
effective fault detection while minimizing processing time.

5 Result and Analysis
5.1 Best Model Selection

As shown in Table 6, the table presents a performance comparison of various models (M1: BiGRU, M2:
GRU, M3: BiLSTM, M4: LSTM) under different scale types (IMC, CMC, SMC). The specific metrics include
Fl-score, Precision, Recall, Accuracy, Delay (latency time), and the number of model parameters.

Table 6: Fl-score, precision, recall, accuracy, delay and parameter of each model under different scale types. BIGRU
(M1), GRU (M2), BILSTM (M3), LSTM (M4)

Multiscale type ~ Model F1 (%) R (%) A (%) P (%) Delay (s) Parameter

IMC M1 96.74 96.72 96.72 96.78 1005 234,312
M2 96.61 96.60 96.60 96.64 731 118,088
M3 97.37 97.36 97.36 97.39 898 300,872
M4 96.96 96.95 96.95 96.98 719 151,368
CMC M1 10.37 12.97 12.97 11.47 618 207,272
M2 96.21 96.18 96.18 96.30 486 104,104
M3 97.25 97.23 97.23 97.29 545 273,320
M4 96.45 96.44 96.44 96.46 482 137,128

(Continued)
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Table 6 (continued)

Multiscale type  Model F1 (%) R (%) A (%) P (%) Delay (s) Parameter

SMC M1 96.33 96.31 96.31 96.36 910 84,552
M2 96.33 96.31 96.31 96.42 710 43,208
M3 97.09 9711 9712 9710 918 101,192
M4 96.60 96.61 96.61 96.62 686 51,528

For the IMC type, M3 (BiLSTM) achieves the highest Fl-score, Recall, Accuracy, and Precision,
indicating its best performance under this scale type. Although M4 (LSTM) performs slightly lower than M3,
the gap is minimal, and it exhibits the lowest delay (719 s) and the smallest number of parameters (151,368),
making it the most efficient model. M1 (BiGRU) and M2 (GRU) perform slightly worse than M3 and M4,
with longer latency times.

Under CMC type, M3 (BiLSTM) has the best performance with Fl-score and Precision of 97.25% and
97.30%, which is the best performing model under this scale type. M4 (LSTM) has the lowest latency time
(482 s) and the least number of parameters, which indicates that it is the most efficient, but it is slightly
inferior to M3 and M2 in terms of precision. M1 (BiGRU) performance is too low compared to the other
models to be informative.

For the SMC type, M3 (BiLSTM) achieves the highest Fl-score, Recall, Accuracy, and Precision, all
exceeding 97%, demonstrating the best performance. M4 (LSTM) shows the lowest latency (686 s) and the
smallest number of parameters (51,528), making it the most efficient and suitable for scenarios requiring
high real-time performance. M2 (GRU) performs close to M3 but has fewer parameters (only 43,208) and
lower latency (710 s). M1 (BiGRU) exhibits the weakest performance, with an Fl-score of only 96.33%, and
relatively high latency and parameter counts.

Therefore, considering the overall performance metrics, M3 (BiLSTM) performs the best across all
multi-scale types, achieving the highest F1 score, Precision, Recall, and Accuracy, making it suitable for
scenarios demanding extremely high detection accuracy.

5.2 Optimization of Our Models

To ensure moderate complexity while achieving optimal performance, we evaluated the proposed
model’s F1-score under different activation functions. Various activation functions for the hidden layers were
analyzed, including Rectified Linear Unit (ReLU), Leaky ReLU, Scaled Exponential Linear Unit (SELU),
Exponential Linear Unit (ELU), and Tanh. As shown in Fig. 9, using ReLU as the activation function in the
hidden layers results in the highest F1 score.

All models were trained using the Adam optimizer with an initial learning rate of 0.001, a batch size
of 512, and a total of 500 training epochs. Early stopping was applied based on validation loss to prevent
overfitting and improve generalization. To evaluate the impact of different activation functions on model
performance, each experiment was independently repeated five times with different random seeds. The
values shown in Fig. 9 represent the average Fl-score computed across these five runs. Although the standard
deviation is not explicitly visualized in the figure, the results remained extremely stable across all runs, with
the variation in Fl-score not exceeding +0.001. This demonstrates the strong robustness and repeatability of
our proposed model, regardless of initialization or data shuftling.
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Figure 9: Average Fl-scores of different activation functions over five runs

ReLU outperforms other activation functions due to its non-saturating behavior in the positive domain,
which promotes faster convergence and more stable gradient flow during training. Unlike functions such as
Tanh or SELU that may introduce vanishing gradients or internal covariate shift, ReLU provides simplicity
and computational efficiency while enabling the model to better capture important features from OTDR
signals. Its compatibility with deep convolutional and sequential architectures makes it especially effective
for multiscale modeling tasks like fiber fault classification.

5.3 Parameter Exploration of Our Models

According to Lu et al’s paper [16], we also discussed the parameters of the model. We conducted
comparative experiments on the number of convolutional kernel types K and the number of kernels per
type N to select suitable parameters. In this experiment, the max-pooling size was set to 3, and the stride
M was set to 1 to balance training efficiency and the integrity of spatial features. The parameters K and N
were selected from the ranges {2, 3, 4} and {16, 32, 48, 64}, respectively. Fig. 10 shows the experimental
results for different parameter combinations of the three proposed models. According to the experimental
results of the IMC-BiLSTM and SMC-BiLSTM models, the performance improves when both the number
of convolutional kernel types and the number of kernels are large. For the CMC-BiLSTM model, the results
are better when the number of kernels is 32.

IMC-BIiLSTM

2

93

92

=91

Number of convolution types (K)
3

4

-90

16 a2 48 64
Number of convolution kemels (N)

CMC-BILSTM

2

92

-9

Number of convolution types (K)
3

a

-90

-89

16 3z a8 64
Number of convolution kemels (N}

SMC-BILSTM

2

92

-91

Number of convelution types (K)
3

4

=90

- B9

16 2 48 B4
Number of convolution kernels (N}

Figure 10: The F1 scores for different parameter combinations of the three proposed models. Each block represents the
experimental F1 score for each parameter combination
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When selecting the optimal parameter combination for each proposed model, we considered models
with higher F1 scores, and when F1 scores were similar, we prioritized models with fewer parameters. Finally,
the optimal parameter combinations we obtained are shown in Table 7.

Table 7: The architecture of the CMC-BiLSTM model, where the combination of the output of multiple scale CNN is
used as the input of BILSTM

Model K N
IMC-BIiLSTM 4 64
CMC-BiLSTM 4 32
SMC-BiLSTM 4 64

5.4 Comparison of Our Model with Other Existing ML Approaches

In this section, we compared the three proposed multi-scale models with existing machine learning
models for optical fiber fault diagnosis found in the literature, including CNN [11], LSTM [12], BiLSTM [15],
BiGRU [19], and C-LSTM [18]. To ensure a fair comparison, all these methods were tested on the same
experimental dataset as the three proposed multi-scale models, and their architectures were adjusted to
address only the optical fiber fault diagnosis task.

For the model architectures:

The CNN model consists of four convolutional layers, one max pooling layer, one flatten layer, one fully
connected feedforward layer, followed by a dropout layer to prevent overfitting.

The LSTM model comprises a single LSTM hidden layer with 32 neurons and a fully connected layer.
The BiLSTM model features one hidden layer and a fully connected layer, where the hidden layer is composed
of a BILSTM layer with 32 neurons. The BIGRU model has a similar architecture to BILSTM, with its hidden
layer consisting of a BiGRU layer with 32 units. For the C-LSTM model architecture, the CNN layers use 64
filters and convolutional kernels of size 3, while the LSTM layer employs the tanh function as the activation
function for the gating mechanism. Experiments were conducted using the combined CNN-LSTM model.

In addition, we also compared our proposed models with some basic neural network models commonly
used in anomaly detection, including C-LSTM-AE [32], CNN-1D [33] and Multi-scale Convolutional Neural
Network (MS-CNN) and C-Transformer.

The C-LSTM-AE model, it extracts local features through two convolutional layers, captures temporal
dependencies using an LSTM encoder-decoder, and performs final classification through a fully connected
layer. For the structure of CNN-1D. The dimension of input data is 64, the dimension convolutional output is
12, the dimension max-pooling output is 4. The dimension of two hidden layers is 1024 and 30, respectively.
The top layer is a Softmax classifier. For the structure of MS-CNN, this architecture consists of 3 channels
input, 2 filter layers, 2 pooling layers and 2 fully-connected layers. For the C-Transformer model consists of
two convolutional layers, each with 64 filters, followed by a Tanh activation function and a max pooling layer.
The Transformer encoder utilizes a multi-head attention mechanism, and the final classification is performed
using two fully connected layers.

Table 8 and Fig. 11 show that the proposed three models perform excellently in terms of F1 score, recall,
accuracy, and precision. Among them, IMC-BiLSTM achieved an F1 score of 97.37%, a recall of 97.36%,
an accuracy of 97.36%, and a precision of 97.39, slightly surpassing CMC-BiLSTM and SMC-BiLSTM. This
indicates that IMC-BiLSTM demonstrates significant advantages in balancing performance metrics.



1532 Comput Mater Contin. 2025;85(1)
Table 8: Comparison of our model with other existing ML approaches
Model F1(%) R(%) A(%) P (%) Delay(s) Parameters
IMC-BiLSTM 9737 9736 9736  97.39 898 300,872
CMC-BiLSTM 9725 9723 9723 9729 545 273,320
SMC-BiLSTM 97.09 9711 9712 9710 918 101,192
CNN [11] 94.79 94.75 9476 94.88 239 10,920
LSTM [12] 95.64 95.62 9562 95.74 271 9788
BiLSTM [15] 95.05 95.02 95.01 95.22 322 18,748
BiGRU [19] 95.57 95,57 9556 95.61 306 14,524
C-LSTM [18] 95.84 95.82 9582 95.90 571 56,552
C-LSTM-AE [32] 9712 97.11 97.11 97.15 1156 213,142
CNN-1D [33] 96.37 9636 9636 96.40 616 350,024
MS-CNN 94.02 9395 9395 94.20 317 62,792
C-Transformer 96.10 96.10 96.08 96.17 2356 1,147,880
F1(%) R(%)
C-Transformer < 96.10 CAransformer < 96.10
MS.CHN 94.02 MS.CNN 93.95
CNN-ID 96.37 CNN-ID o 96.36
C-LSTMAE 97.12 C-LSTM-AE 97.11
C-LSTM 95.84 C-LSTM 95.82
BIGAU 95,57 BIGAU 95.57
BILSTM + 95.05 BILSTM o 95.02
LSTM 95.64 LSTM 95.62
[ 94.79 CHM 94.75
SMC-BILSTM 97.09 SMC-BILSTM o 97.11
CMC-BILSTM 97.25 CMC-BILSTM 97.23
IMC-BILSTM 4 97.37 IMC-BILSTM 97.36
9 92 94 96 98 100 %0 92 94 96 98 100
Score (%) Score (%)
A(%) P(%)
C-Transformer - 96.08 C-Transformer - 96.17
MS-CNN 93.95 MS5-CNN - 94.20
CHN-ID 96.26 CHN-ID 96.40
C-LSTM-AE 4 97.11 C-LSTM-AE 97.15
C-LSTH 4 95.82 C-LSTM 4 95.90
BIGRU 95.56 BIGRU 4 95.61
BILSTM 95.01 BiLSTM 95.22
LETM 4 95.62 LETM o 95.74
Chn 94.76 CNH 94.88
SMC-BILSTM 97.12 SMC-BILSTM 97.10
CMC-BILSTM 97.23 CMC-BILSTM o 97.29
IMC-BILSTM 97.36 IMC-BILSTM 97.39
90 92 94 9% 98 100 90 92 94 9% 98 100
Score (%) Score (%)

Figure 11: The scores (%) of each evaluation metric for each model. F1, R, P, and A represent the Fl-score, recall,
precision, and accuracy, respectively, for each model

In contrast, traditional BILSTM and BiGRU achieved F1 scores of 95.05% and 95.57%, respectively, with
accuracy scores of 95.01% and 95.56%, both significantly lower than the proposed three models. Furthermore,
the performance of CNN and MS-CNN is also inferior to models like IMC-BiLSTM, with F1 scores of only
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94.79% and 94.02%, respectively. Although IMC-BiLSTM exhibits the best performance, its inference delay is
898 s, which is significantly higher than other models. For example, the inference delay of CNN is only 239 s,
and BiGRU’s delay is 306 s. CMC-BiLSTM shows superior performance in terms of delay, with a delay of only
545 s, which is much lower than both IMC-BiLSTM and SMC-BiLSTM. This suggests that CMC-BiLSTM
achieves a better balance between high performance and lower computational cost.

In terms of the number of parameters, IMC-BiLSTM has a total of 300,872 parameters, while CMC-
BiLSTM and SMC-BiLSTM have 273,320 and 101,192 parameters, respectively. Although the number of
parameters is relatively high, compared to other complex models (such as C-Transformer, which has 1,147,880
parameters), the proposed three models strike a good balance between performance and model complexity.

Overall, the proposed three models (IMC-BiLSTM, CMC-BiLSTM, and SMC-BiLSTM) outperform
existing models in key performance metrics (F1, Recall, Accuracy, Precision), especially IMC-BiLSTM,
which achieved an F1 score of 97.37%, significantly higher than traditional models (e.g., BILSTM and CNN).
Although IMC-BiLSTM has a higher inference delay, CMC-BiLSTM achieves a better balance between
performance and delay through appropriate optimization, making it a more practical choice. In comparison,
the parameter size advantage of SMC-BiLSTM makes it suitable for resource-constrained scenarios.

5.5 Fault Diagnosis Capability

As previously mentioned, after performance optimization, we selected the optimal model by analyzing
the Fl-score of three models (IMC-BiLSTM, CMC-BiLSTM, and SMC-BiLSTM) under different activation
functions. All three models were trained using datasets containing both normal and faulty data to model
different fault types. Once trained, the three models can distinguish between normal states and different
types of faults in terms of the average precision metric. Additionally, we compared the confusion matrices of
a total of each models, as shown in Fig. 12 and Table 9.
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Figure 12: (Continued)
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Figure 12: Confusion matrix comparisons of three Models. (a) IMC-BiLSTM (b) CMC-BiLSTM (c) SMC-BiLSTM.

Class 0 (Normal), Class 1 (fiber tapping), Class 2 (bad splice), Class 3 (bending event), Class 4 (dirty connector), Class
5 (fiber cut), Class 6 (PC connector), Class 7 (reflector)

Table 9: Performance comparison of eight fault types across the confusion matrices of each models

Model 0 1 2 3 4 5 6 7

IMC-BILSTM 0998 0.993 0.981 0.970 0.989 0915 0.941 0.992
CMC-BiLSTM  0.999 0.992 0979 0.955 0981 0926 0942 0.991
SMC-BiLSTM  0.999 0.991 0.989 0.930 0.981 0.924 0.939 0.990
CNN [11] 0.994 0972 0954 0.901 0959 0.829 0.900 0.986
LSTM [12] 0.990 0994 0980 0.929 0984 0.878 0.879 0.990
BiLSTM [15]  0.996 0.993 0.966 9.930 0.986 0.856 0.882 0.991
BiGRU [19] 0998 0994 0979 0919 096 0.895 0.872 0.989
C-LSTM [18]  0.997 0.989 0.977 0.925 0974 0.872 0.922 0.984
CNN-1D [33]  0.996 0.986 0.972 0.958 0.976 0.903 0.924 0.985
MS-CNN 0979 0979 0951 00917 0.961 0.862 0.884 0.972
C-Transformer 0.996 0.991 0.955 0.950 0.977 0.902 0.923 0.989

As shown in Fig. 12a, the IMC-BiLSTM model achieves an accuracy of over 97% in classifying three
types of faults: fiber eavesdropping (Class 1), bad splice (Class 2), bending event (Class 3) and dirty connectors
(Class 4), demonstrating robust classification capability. In particular, for diagnosing fiber eavesdropping
(Class 1), the accuracy reaches 99.3%, indicating that the model is highly effective in capturing the features
of this type of fault. For faults with more distinct features or better separability (such as dirty connectors
and fiber eavesdropping), the IMC-BiLSTM model can accurately identify them through its built-in feature
extraction and classification capabilities.

As shown in Fig. 12b, the CMC-BiLSTM model demonstrates certain improvements in overall perfor-
mance compared to the IMC-BiLSTM model, particularly in classifying fiber eavesdropping, poor splicing,
and dirty connectors, with classification accuracy still exceeding 97%. For fiber cut, the classification
accuracy reaches 92.6%, a 1.1% increase compared to the IMC-BiLSTM model, further proving the model’s
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strong detection capability for this type of fault. In terms of feature extraction generalization, the CMC-
BiLSTM model may be more suitable for classifying different fault modes. Overall, the CMC-BiLSTM model
outperforms the IMC-BiLSTM model in classification accuracy, particularly excelling in diagnosing fiber
eavesdropping faults.

As shown in Fig. 12¢, compared to the first two models, SMC-BiLSTM performs relatively poorly in
overall classification accuracy, particularly in the classification task of bending events (Class 3), where the
accuracy decreases significantly compared to IMC-BiLSTM and CMC-BiLSTM. For fiber eavesdropping
(Class 1), the accuracy remains at 99.1%, which is essentially consistent with IMC-BiLSTM and CMC-
BiLSTM. This model demonstrates stronger adaptability and representation capabilities for certain types of
fault features, such as bad splices, with an accuracy improvement of 0.8% and 1% compared to IMC-BiLSTM
and CMC-BiLSTM, respectively.

In addition, the comparison of the confusion matrices of the proposed three models with the other
models, as shown in Table 9, clearly shows that the proposed methods have better diagnostic consistency
in general. Especially in fiber cut (Class 5) and PC connector (Class 6), the performance of the proposed
three models is improved by about 1.2%-10% on fiber cut (Class 5) and 1.5%-7% on PC connector (Class 6)
compared to other models.

In summary, the proposed three models provide strong evidence of their effectiveness and superiority
in optical fiber fault diagnosis. The experimental results demonstrate that these methods are highly capable
of diagnosing optical fiber faults, with significant practical implications, highlighting their generality and
reliability in real-world fault diagnosis scenarios.

The ROC quoted in Fig. 13 show that our model can distinguish between different event causes. The
overall AUC (Area Under the Curve) performance of the model is high and its classification ability is balanced
across categories, indicating its suitability for this multi-classification task.
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Figure 13: (Continued)
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Figure 13: ROC curves for the three models. (a) IMC-BiLSTM (b) CMC-BiLSTM (c) SMC-BiLSTM. Class 0 (Normal),
Class 1 (fiber tapping), Class 2 (bad splice), Class 3 (bending event), Class 4 (dirty connector), Class 5 (fiber cut), Class
6 (PC connector), Class 7 (reflector)

To observe the event distinguishability of the proposed three methods, the t-distributed Stochastic
Neighbor Embedding (t-SNE) technique [34] was employed to visually study the feature learning capabilities
of the three models (IMC-BiLSTM, CMC-BiLSTM, and SMC-BiLSTM) on OTDR fault data. As shown
in Fig. 14. From the first three figures, it can be observed that the proposed three methods can effectively
distinguish the visual features of the 8 events, demonstrating that all three methods achieved optimal
performance in this test. In contrast, the last figure shows that the CNN model exhibits relatively poor
distinguishability for the 8 events. Furthermore, the proposed three models demonstrate the ability to learn
effective features for accurate fault diagnosis.
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Figure 14: Visualization of feature learning under different models. (a) IMC-BiLSTM (b) CMC-BiLSTM (c) SMC-
BiLSTM (d) CNN

6 Conclusions

To address the limitations in sequential spatial feature extraction of OTDR fiber data, we proposed a
multiscale CNN-BiLSTM framework. This framework replaces fixed-size convolutional kernels with multi-
scale kernels of varying sizes, enabling better handling of OTDR data for fiber fault diagnosis. Experimental
results demonstrate that our three proposed models (IMC-BiLSTM, CMC-BiLSTM, and SMC-BiLSTM)
outperform existing models in key performance metrics such as Fl-score and accuracy. In particular, IMC-
BiLSTM achieved an Fl-score of 97.37%, significantly surpassing traditional models like BILSTM and CNN.
Although IMC-BiLSTM exhibits higher inference latency, CMC-BiLSTM offers a more practical balance
between performance and delay, while SMC-BiLSTM shows advantages in parameter efficiency, making it
suitable for resource-constrained environments. In future work, we plan to explore lightweight architectures
to reduce inference time and model complexity. We also aim to incorporate self-supervised or semi-
supervised learning strategies to alleviate reliance on large labeled datasets. Additionally, we will investigate
expanding the model’s capability to detect and localize multiple co-existing faults within a single OTDR
trace, further enhancing its practicality in real-world fiber monitoring scenarios.
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