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 Fiber-to-the-Home (FTTH) networks are widely used to provide high-speed 

broadband services, but optical power degradation can reduce network performance 

and service quality. This study compares Random Forest (RF) and Long Short-Term 

Memory (LSTM) for predicting FTTH network conditions classified as Normal, 

Warning, and Critical. The study used 63,145 historical records collected from 58 

Optical Network Terminals (ONTs) between March and May 2026. To provide a fair 

comparison, RF was trained using engineered tabular features, including lag and 

rolling-window statistics, while LSTM used six-step sequential data representing 
approximately the previous six hours. Model performance was evaluated using 

accuracy, precision, recall, F1-score, Mean Absolute Error (MAE), Root Mean 

Square Error (RMSE), training time, and inference time. The results show that RF 

substantially outperformed LSTM, achieving 98.41% accuracy, precision, recall, and 

F1-score, with an MAE of 0.0173 and RMSE of 0.1420. RF also required only 2.667 

seconds for training and 0.0102 ms for inference, compared with 189.98 seconds and 

0.1856 ms for LSTM. Per-class evaluation confirmed that RF performed well across 

all network conditions, with precision and recall above 99% for Normal, above 94% 

for Warning, and above 90% for Critical. A strict chronological train-test split further 

confirmed the robustness of RF, which achieved 98.59% accuracy. Feature 

importance analysis showed that historical optical power, particularly lag-based 

features, was the most influential predictor of network degradation. These findings 
indicate that FTTH optical power degradation can be effectively modeled using 

engineered tabular features rather than a purely sequential approach. Finally, the RF 

model was integrated into a web-based monitoring dashboard with WhatsApp-based 

early warnings to support proactive FTTH network maintenance. 
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I. INTRODUCTION 

The rapid advancement of information and 

communication technology over the past decade has been 

accompanied by a significant increase in demand for digital 
services, including video streaming, cloud computing, the 

Internet of Things (IoT), and other data-intensive 

applications [1]. These growing demands require network 

infrastructures that provide high bandwidth, low latency, 

and high reliability [2], driving the transition from copper-

based access networks to optical fiber technology. Among 

the available optical access solutions, Fiber-to-the-Home 

(FTTH) has become one of the most widely adopted 

technologies [3], delivering optical signals directly from 

the service provider to end users while offering high 

bandwidth capacity, superior transmission stability, and 

strong immunity to electromagnetic interference [4], [5]. 

Despite these advantages, FTTH networks remain 

susceptible to optical signal attenuation, which is reflected 

by a reduction in the optical power received at the Optical 

Network Terminal (ONT) [6]. Optical attenuation is 

influenced by multiple factors, including fiber length, the 
number of splices, connector quality, installation quality, 

equipment aging, and environmental conditions such as 
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temperature and humidity. If left undetected, these factors 

may gradually degrade network performance and 

eventually lead to service disruptions [7]–[9]. 

Conventional maintenance practices are predominantly 

reactive, with corrective actions taken only after service 

failures occur or customer complaints are received. Such 

an approach increases network downtime and operational 

costs, highlighting the need for predictive maintenance 

strategies capable of identifying potential failures before 

they affect service quality. 

Recent advances in machine learning and deep learning 
have accelerated the development of predictive models for 

network performance analysis. Random Forest (RF) [10], 

[11], an ensemble learning algorithm based on multiple 

decision trees, has demonstrated strong capability in 

handling high-dimensional data while providing feature 

importance analysis to identify the most influential 

variables [12], [13]. Beyond network engineering, Random 

Forest has been successfully applied across diverse 

domains, including healthcare cost prediction [25], 

privacy-preserving distributed evaluation [26], mental 

health prediction [27], and general decision-tree-based 
responsible-AI applications [28], while related supervised 

approaches such as k-Nearest Neighbor have also been 

used for comparable prediction tasks [35], underscoring the 

algorithm's versatility for structured, tabular prediction 

problems such as the one addressed in this study. Rashed et 

al. (2020) reported prediction accuracies ranging from 92% 

to 96% for optical network performance prediction using 

Random Forest, identifying transmission distance and the 

number of splices as the dominant factors affecting signal 

degradation [14]. Meanwhile, Long Short-Term Memory 

(LSTM), an advanced variant of Recurrent Neural 

Networks (RNNs) designed to overcome the vanishing 
gradient problem, has been widely employed for time-

series forecasting of network performance. Zhang et al. 

(2018) and Kim and Cho (2019) achieved prediction 

accuracies exceeding 90% with RMSE values below 5%, 

demonstrating the effectiveness of LSTM in modeling 

temporal network behavior [15], [16]. LSTM-based 

sequential modeling has also been applied directly to 

optical power prediction in FTTH networks [8] and, more 

broadly, to other time-series domains such as time-series 

forecasting in general [17], stock price prediction [31], and 

streamflow prediction in hydrology [32], illustrating the 
wide applicability of LSTM for sequential pattern learning 

across disciplines. 

Recent studies further reinforce these findings. Putra et 

al. (2025) applied Random Forest Regression to 

operational FTTH data from PT Telkom Akses Indonesia 

and achieved an R² of 0.9832, an RMSE of 0.2363, and an 

MAE of 0.1009 [39]. Soothar et al. (2024) proposed a 

hybrid CNN–LSTM model for optical signal degradation 

detection, achieving an accuracy of up to 99%, 

outperforming standalone Random Forest models, which 

achieved accuracies between 96% and 97% [40]. Zhang et 

al. (2024) employed an attention-based Bi-LSTM model to 

predict optical fiber cable degradation, reporting an 

accuracy of 97.5% [41]. Similarly, Kumar et al. (2023) 

reported coefficients of determination (R²) greater than 

0.90 for LSTM-based optical transmission quality 

prediction [42]. More recently, Li et al. (2025) integrated 

Random Forest and LSTM for predictive maintenance in 

Dense Wavelength Division Multiplexing (DWDM) 

networks, achieving an overall prediction accuracy of 98%, 

surpassing the performance of individual models [43]. 

Although these studies have demonstrated promising 
results, most previous research has focused either on a 

single predictive approach or on generic hybrid 

architectures. Furthermore, few studies have directly 

compared the performance of Random Forest and LSTM 

for predicting optical power degradation in FTTH networks 

using real operational and physical variables 

simultaneously, such as fiber distance, the number of 

splices, the number of connectors, and equipment age. 

Consequently, existing studies generally address either 

current network conditions or future prediction accuracy, 

without jointly analyzing the causal factors of degradation 
and their temporal evolution within a consistent and fair 

evaluation framework. 

To address this research gap, this study proposes a 

predictive framework for analyzing optical power 

degradation in FTTH networks by comparing Random 

Forest and Long Short-Term Memory (LSTM) using real 

historical operational data collected from PT. Jaringanku 

Nusantara. Random Forest is employed to predict network 

conditions and identify the dominant factors contributing 

to optical power degradation, whereas LSTM is utilized to 

capture the temporal patterns of optical power 

measurements over time. The novelty of this study lies in 
three main contributions: (1) the utilization of real 

operational data incorporating measurable physical and 

environmental variables; (2) a dedicated preprocessing 

strategy that aligns temporal information between the 

tabular feature-engineering pipeline and the sequential data 

pipeline, enabling a fair and unbiased comparison between 

Random Forest and LSTM; and (3) the integration of 

prediction results into a web-based dashboard equipped 

with an early warning system for network monitoring. 

Therefore, the objective of this study is to analyze and 

compare the performance of Random Forest and LSTM in 
predicting optical power degradation in FTTH networks 

using evaluation metrics including Accuracy, Precision, 

Recall, F1-score, Mean Absolute Error (MAE), and Root 

Mean Square Error (RMSE), while investigating the 

applicability of the proposed framework as an early 

warning system to support preventive maintenance and 

improve FTTH network reliability. 
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II. METHODS 

 

A. Research Type and Study Area 

This study adopts a quantitative research design using 

an experimental and predictive approach. The experimental 

approach involves developing, training, and evaluating 

Random Forest and Long Short-Term Memory (LSTM) 

models to assess their predictive performance. Meanwhile, 

the predictive approach is employed to forecast optical 

power degradation in Fiber-to-the-Home (FTTH) networks 
based on patterns extracted from historical operational 

data. The study was conducted at PT. Jaringanku 

Nusantara, using data obtained from the company's FTTH 

network monitoring system and optical power 

measurement records maintained as part of its routine 

network operations. 

 

B. Variables and Data Collection 

The research variables were categorized into 

informational, dynamic, and static variables, as presented 

in Table I. The optical_power variable serves as the 
prediction target, while the remaining variables represent 

factors that influence the quality of the optical signal. 

 
TABLE I 

RESEARCH VARIABLES 

Category Variable Unit Description 

Information

al 

timestam

p, ont_id 
– 

Measurement time and 
ONT identifier, used as 
the basis for lag and 
rolling feature 
generation 

Dynamic 
(Target) 

optical_p
ower 

dBm 

Received optical signal 

power, serving as the 
primary prediction 
target 

Static 
fiber_dist
ance 

km 

Fiber cable length 
between the Optical 
Line Terminal (OLT) 
and Optical Network 

Terminal (ONT) 

Static 
number_
of_splice
s 

point
s 

Number of optical fiber 
splices along the 
transmission path 

Static 
number_
of_conne
ctors 

units 
Number of optical 
connectors installed 
along the fiber link 

Dynamic 

device_a
ge, 
temperat
ure, 
humidity 

years 
/ °C / 
% 

Equipment age and 
environmental 
conditions affecting 

network performance 

 

Data were collected using two complementary 

techniques. First, documentation was employed to obtain 

historical records of optical power measurements and 

FTTH network parameters from the company's network 

monitoring system and technical reports. Second, semi-

structured interviews were conducted with network 

engineers and technical staff to gather supporting 

information regarding operational conditions, the causes of 

optical signal degradation, and existing network 

maintenance practices. The combination of these data 

collection methods ensured the completeness and 

reliability of the dataset for developing and evaluating the 

proposed predictive models. 

 

C. Research Procedure 

The research was conducted through a series of 
systematic stages. It began with a comprehensive literature 

review, followed by problem identification and 

formulation, as well as the determination of the research 

objectives and expected contributions. Subsequently, 

historical FTTH operational data were collected and 

subjected to data preprocessing, including data cleaning, 

feature engineering, normalization, and dataset 

preparation. The processed data were then used to develop 

predictive models based on Random Forest and Long 

Short-Term Memory (LSTM). The performance of both 

models was evaluated using appropriate prediction 
accuracy and error metrics, followed by a comparative 

analysis and discussion of the experimental results. Finally, 

conclusions were drawn based on the findings of the study. 

The overall research procedure is illustrated in Figure 1. 

 

 
Figure 1. Research Stage Flow 

D. Model Implementation and Comparative Evaluation 

Scenario 

The Random Forest and Long Short-Term Memory 

(LSTM) models were implemented using the same 

historical dataset, encompassing data preprocessing, model 

training, and performance evaluation, as illustrated in 
Figure 2. The workflow began with data acquisition from 

the Optical Line Terminal (OLT) logs and the Network 

Management System (NMS) over an observation period of 

3–6 months. The collected data then underwent an initial 
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preprocessing stage consisting of data cleaning, missing 

value handling, and Min–Max normalization. 

Since LSTM is specifically designed to process 

sequential time-series data, whereas Random Forest 

operates on independent tabular data, a dedicated 

preprocessing strategy was introduced to ensure that both 

models received equivalent temporal information, thereby 

enabling a fair and unbiased (apple-to-apple) comparison. 

This preprocessing strategy allowed the comparative 

evaluation to focus on the intrinsic predictive capabilities 

of the two algorithms rather than differences arising from 
data representation. 

 
Figure 2. Implementation and Testing Scenarios of Random Forest and 

LSTM 

1) Scenario A – Random Forest with Feature 

Engineering: 

Since Random Forest does not possess an internal memory 

mechanism, temporal information was incorporated 
through feature engineering. This process involved 

generating lag features, including optical power and 

environmental variables at time steps t−1, t−2, t−3, 

representing observations from the three preceding 

measurement points for each ONT, as well as rolling 

window statistics, namely the moving average and standard 

deviation of optical power and temperature computed over 

a sliding window of three previous observations. To 

prevent temporal data leakage, all lag and rolling-window 

features were computed strictly from past observations 

only, using a one-step backward shift prior to window 
aggregation, ensuring that no information from the 

prediction time point or later was used during feature 

construction. The engineered dataset was subsequently 

divided into training and testing sets using an 80:20 

stratified random split (train–test split approach, stratified 

by class label to preserve the class proportions in both 

subsets). The Random Forest model was trained using 200 

decision trees (n_estimators = 200), with max_features set 

to sqrt and class_weight set to balanced to mitigate the 

effects of class imbalance. 

2) Scenario B – LSTM with Sequential Data: 

For the Long Short-Term Memory (LSTM) model, the 
dataset was transformed into a three-dimensional tensor 

consisting of (samples, time steps, features), with a 

sequence length of six time steps (TIME_STEPS = 6) per 

ONT, corresponding to approximately the preceding six 

hours given the near-hourly measurement interval. Unlike 

Random Forest, LSTM directly receives the raw sequential 

observations and utilizes its internal gating mechanism to 

automatically learn both short-term and long-term temporal 

dependencies without requiring manual feature 

engineering. The dataset was partitioned using a time-

series split, preserving the chronological order of 

observations without random shuffling. The LSTM 

architecture consisted of one LSTM layer with 64 hidden 

units, followed by two dropout layers, one dense layer with 
32 neurons, and an output layer containing three neurons 

with Softmax activation, resulting in a total of 19,843 

trainable parameters. Both LSTM and dense layers were 

regularized using an L2 penalty (λ = 0.001) on the kernel 

and recurrent weights to reduce overfitting, and were 

followed by dropout layers with rates of 0.3 and 0.2, 

respectively. The model was compiled with the Adam 

optimizer [18] using a learning rate of 0.0005 and 

categorical cross-entropy loss, and was trained with a batch 

size of 64 for a maximum of 100 epochs. Training 

employed early stopping (monitoring validation loss, 
patience of 25 epochs, restoring the best weights) and a 

learning-rate reduction schedule (ReduceLROnPlateau, 

factor of 0.5, patience of 8 epochs, minimum learning rate 

of 1×10⁻⁶) to stabilize convergence, consistent with 

established loss-function and optimization practices for 

deep learning models [18], [19]. 

The LSTM architecture is governed by three primary 

gating mechanisms, namely the forget gate, input gate, and 

output gate, which regulate the information to be discarded, 

retained, and propagated as predictions, respectively [17], 

[29], [30]. The sigmoid and hyperbolic tangent functions 

used in these gates are further discussed by Zhou and Chen 
[21], while the optimization of network weights during 

training follows backpropagation-based gradient descent, 

as outlined by Rahman and Hossain [18]. These operations 

are mathematically defined as follows: 

 
𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (1) 
 
 
𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 
 
𝐶̃𝑡 = tanh(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) 
 

(2) 

 
𝐶𝑡 = 𝑓𝑡 ⊙𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡  (3) 
 
 
𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 
 
ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝐶𝑡) 
 

(4) 

Where 𝑥𝑡denotes the input vector at time step 𝑡, ℎ𝑡−1is 

the hidden state from the previous time step, ℎ𝑡is the hidden 
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state at time step 𝑡, and 𝐶𝑡represents the cell state that stores 

long-term information. The forget gate (𝑓𝑡 ) determines 

which information from the previous cell state should be 

discarded, the input gate (𝑖𝑡) controls which new 

information should be stored, and 𝐶̃𝑡denotes the candidate 
cell state generated from the current input and previous 

hidden state. The output gate (𝑜𝑡) determines the 

information propagated to the next hidden state. The 

function 𝜎(⋅)denotes the sigmoid activation function, 

tanh⁡(⋅)represents the hyperbolic tangent activation 

function, ⊙denotes element-wise multiplication, while 

𝑊and 𝑏are the weight matrices and bias vectors associated 

with each gate, respectively. 

 

III. RESULT AND DISCUSSION 

A. Dataset Description and Distribution 

The dataset used in this study consists of historical 
Fiber-to-the-Home (FTTH) network data containing 

optical power measurements collected from Optical 

Network Terminals (ONTs). The dataset includes the 

variables timestamp, ont_id, optical_power, 

fiber_distance,number_of_splices, number_of_connectors, 

device_age, temperature, humidity, and the corresponding 

network condition label. 

A total of 63,145 records were collected from 58 ONTs 

during the observation period from March 1 to May 31, 

2026. Based on the class distribution, the Normal condition 

accounted for 50,670 records (80.24%), followed by the 

Warning condition with 8,873 records (14.05%), and the 

Critical condition with 3,602 records (5.70%), as illustrated 

in Figure 3. Measurements were recorded at a near-hourly 

interval per ONT, with a median inter-measurement 

interval of approximately 60–68 minutes, although the 

interval varied slightly across devices due to differences in 

the monitoring system's polling schedule. The number of 

records per ONT ranged from 300 to 1,704 (mean ≈ 1,089), 

reflecting differences in the operational duration and 

connectivity uptime of individual ONTs during the 
observation period. The Normal, Warning, and Critical 

labels were assigned based on optical power thresholds 

consistent with the receiver sensitivity budget defined in 

the ITU-T G.984.2 GPON standard and internal 

operational guidelines used by the network operator [22], 

[23], [24]: optical power readings above approximately 

−24 dBm were categorized as Normal, readings between 

approximately −24 dBm and −27 dBm as Warning, and 

readings below approximately −27 dBm as Critical, 

reflecting progressively higher risk of service-affecting 

signal loss. 
The class distribution indicates a substantial class 

imbalance, with the Normal class representing the majority 

of observations. Nevertheless, the Warning and Critical 

classes remain crucial, as they represent the early and 

severe stages of optical signal degradation. These minority 

classes provide essential information for developing 

reliable predictive models capable of supporting proactive 

network maintenance and early fault detection. 

 

 
Figure 3. FTTH Network Condition Label Distribution 

C. Model Training Results 

The Random Forest model was trained using 50,376 

training data and tested on 12,595 data, with 200 decision 
trees (n_estimators = 200), max_features = sqrt, and 

class_weight = balanced. The LSTM model was trained 

using 50,214 training sequences and tested on 12,583 

sequences, with class weights of 0.415 (Normal), 2.384 

(Alert), and 5.873 (Critical) to address label imbalance, as 

summarized in Table II. 
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TABLE II 

IMPLEMENTATION CONFIGURATION OF RANDOM FOREST 

AND LSTM MODELS 

Component Random Forest LSTM 

Input Features 11 engineered 
tabular features 

4 dynamic features, 
input shape (6, 4) 

Training / 
Testing Data 

50,376 / 12,595 
records 

50,214 / 12,583 
sequences 

Main 
Hyperparameters 

n_estimators = 
200, 

max_features = 
sqrt, class_weight 
= balanced 

64 LSTM units, 32-
neuron dense layer, 

19,843 trainable 
parameters 

Training Time 2.667 s 189.98 s (best model 
at epoch 36) 

Inference Time 0.0102 ms per 
record 

0.1856 ms per 
record 

 

The feature importance analysis in Figure 4 shows that 

historical optical_power features, especially op_lag_1, 

have the most dominant influence on degradation 

predictions (31.07%), followed by op_roll_mean 

(22.93%), op_lag_2 (18.88%), and op_lag_3 (13.09%), 

while physical features like cable_length, 

number_of_connectors, number_of_splices, and 

device_age contribute less. This suggests that the condition 

of optical power in previous periods plays a big role in 

determining the current state of the network. 
 

 

 

 
Figure 4. Feature Importance Model Random Forest 

The LSTM learning curves shown in Figure 5 indicate 

that the training loss decreases steadily throughout the 

training process, whereas the validation loss remains 
consistently higher and exhibits noticeable fluctuations. 

Similarly, the training accuracy reaches a relatively high 

level, while the validation accuracy remains considerably 

lower. This performance gap suggests that the model learns 

the patterns in the training data effectively but has limited 

ability to generalize to unseen validation data, indicating a 

tendency toward overfitting. It is worth noting that the 

internal validation accuracy shown in Figure 5 

(approximately 35–37%) is notably lower than the 

accuracy obtained on the independent test set (70.08%). 

This discrepancy is attributable to the internal validation 

split being drawn as a trailing 15% slice of the per-ONT-

concatenated training sequences, which does not sample 

uniformly across all ONTs; consequently, the internal 
validation subset likely over-represents a small number of 

ONTs with atypical label distributions, whereas the final 

test set, obtained through stratified sampling across all 

ONTs, provides a more representative and less biased 

performance estimate. This finding suggests that the 

modest reported test performance of LSTM reflects a 

combination of limited feature availability and this internal 

validation artifact rather than solely an inherent limitation 

of the sequential modeling approach, and that adopting a 

stratified or per-ONT-balanced validation split is 
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recommended for future refinement of the LSTM training 

procedure. 

 
Figure 5. Loss and Accuracy Curve per Epoch in LSTM Model Training 

 

D. Model Performance Evaluation and Comparison 

The performance comparison between the Random 
Forest and Long Short-Term Memory (LSTM) models, 

presented in Table III and Figure 6, demonstrates that 

Random Forest consistently outperformed LSTM across all 

evaluation metrics. Random Forest achieved an accuracy, 

precision, recall, and F1-score of 98.41%, with a Mean 

Absolute Error (MAE) of 0.0173 and a Root Mean Square 

Error (RMSE) of 0.1420. 

Although this study addresses a categorical prediction 

task, MAE and RMSE were additionally reported because 

the three condition classes (Normal, Warning, Critical) 

were encoded as an ordinal sequence (0, 1, 2) representing 

increasing severity of degradation. In this context, MAE 
and RMSE were computed between the ordinal-encoded 

true and predicted labels, providing a severity-aware error 

measure that penalizes a prediction error between distant 

classes (e.g., Normal predicted as Critical) more heavily 

than a prediction error between adjacent classes (e.g., 

Normal predicted as Warning), a distinction that standard 

accuracy or F1-score cannot capture [36], [37], [38]. In 

contrast, the LSTM model achieved an accuracy of 

70.08%, precision of 66.33%, recall of 70.08%, and an F1-

score of 67.46%, accompanied by a MAE of 0.4565 and an 

RMSE of 0.8781. Furthermore, LSTM required 
substantially longer training and inference times than 

Random Forest, indicating a significantly higher 

computational cost while delivering lower predictive 

performance on the FTTH optical power degradation 

dataset. 

TABLE III 

COMPARISON OF EVALUATION RESULTS OF RANDOM FOREST AND 

LSTM MODELS 

Metrik Evaluasi Random Forest LSTM 
Accuracy (%) 98,41 70,08 
Precision (%) 98,41 66,33 
Recall (%) 98,41 70,08 
F1-Score (%) 98,41 67,46 
MAE 0,0173 0,4565 
RMSE 0,1420 0,8781 
Train time (s) 2,667 189,98 
Inference (ms) 0,0102 0,1856 

 

It should be noted that the identical value (98.41%) 
reported for Random Forest's accuracy, precision, recall, 

and F1-score in Table III reflects weighted-average 

metrics; by definition, the weighted-average recall is 

mathematically equivalent to overall accuracy, while the 

weighted-average precision and F1-score happened to 

round to the same value given the strong dominance of the 

Normal class. To verify that this figure does not conceal 

poor performance on the minority classes, per-class metrics 

were additionally computed: Random Forest achieved a 

precision and recall above 99% for the Normal class, 

94.19% precision and 95.42% recall for the Warning class, 

and 93.67% precision and 90.79% recall for the Critical 
class, corresponding to a macro-averaged precision, recall, 

and F1-score of 95.77%, 95.22%, and 95.49%, 

respectively. This confirms that Random Forest retained 

strong discriminative capability even for the minority 

Critical class, despite the overall class imbalance. 

Furthermore, because the models were trained using a 

stratified random 80:20 split, an additional evaluation was 

performed using a strict chronological (time-based) split, in 

which the most recent 20% of observations, ordered by 

timestamp, were held out for testing rather than being 

randomly sampled. Under this stricter, leakage-resistant 
validation scheme, Random Forest achieved an accuracy of 

98.59%, comparable to or slightly higher than under the 

random split, indicating that its performance is driven by 

genuine predictive signal in the lag and rolling-window 

features rather than by information leakage across the train-

test boundary. The superior performance of Random Forest 

can be attributed to its ability to exploit both the original 

technical variables and the engineered temporal features, 

including op_lag_1, op_lag_2, op_lag_3, op_roll_mean, 

and op_roll_std, which explicitly capture the historical 

behavior of optical power. These engineered features 
enable the model to incorporate temporal information 

while maintaining a tabular data representation, thereby 

improving its predictive capability. 
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LSTM relies exclusively on dynamic features 

represented as sequential data, making its performance 

highly dependent on the consistency of temporal patterns 

and the availability of sufficiently large sequential datasets 

for effective learning. Furthermore, Random Forest 

exhibited substantially shorter training and inference times 

because its tree-based ensemble architecture is 

computationally less complex and does not require iterative 

gradient-based optimization, as is the case with deep neural 

networks such as LSTM. 

 
Figure 6. Comparison of Evaluation Metrics for Random Forest and 

LSTM 

 

The confusion matrix presented in Figure 7 further 

supports these findings, consistent with confusion-matrix-

based evaluation practices commonly used for multi-class 

prediction problems [33], [34]. Random Forest correctly 

predicted 10,055 Normal, 1,690 Warning, and 650 Critical 

instances, with relatively few prediction errors across all 

classes, including the minority classes. These results 
demonstrate the model's ability to maintain balanced 

predictive performance despite the presence of class 

imbalance. 

The LSTM model correctly predicted only 6 Warning 

instances, while 1,665 Normal instances were incorrectly 

predicted as Critical. This substantial prediction error 

indicates that the sequential model struggled to distinguish 

the transitional Warning class from the Normal and Critical 

classes. Consequently, the LSTM model exhibited limited 

discriminative capability for intermediate degradation 

states, which contributed to its lower overall prediction 

performance compared with Random Forest. 
 

 
Figure 7. Comparison of Random Forest and LSTM Confusion Matrices 

 

E. Discussion 
The findings of this study are consistent with those 

reported by Rashed et al. [14] and Putra et al. [39], who 

demonstrated the effectiveness of Random Forest in 

modeling nonlinear relationships within tabular optical 

network data, achieving excellent predictive performance 

in terms of R², RMSE, and MAE. In the present study, the 

characteristics of the FTTH dataset are influenced not only 

by temporal variations in optical power but also by static 

technical factors, such as fiber distance, number of splices, 

number of connectors, and device age. Consequently, these 

data are more appropriately represented as tabular data 

enriched with engineered temporal features rather than as 

purely sequential data. This explains why Random Forest, 

augmented with lag features and rolling statistical features, 

was able to capture optical power degradation patterns 

more effectively than the sequential LSTM model. 

The relatively lower performance of LSTM observed in 

this study differs from the findings reported by Soothar et 
al. [40], Zhang et al. [41], and Kumar et al. [42], who 

achieved prediction accuracies ranging from 97% to 99% 

using LSTM-based and hybrid CNN–LSTM models. 

Several factors may account for this discrepancy. First, the 

present study employed a more limited feature set, 

consisting of only four dynamic variables without 

incorporating static physical features. Second, the 

historical dataset covered a relatively short observation 

period of only three months, which may have limited the 

model's ability to learn long-term temporal dependencies. 

Third, the selected six-step (approximately six-hour) time 
window may not have been optimal for capturing the 

transitional characteristics of the Warning class. As 

suggested by Li et al. [43], hybrid approaches combining 

Random Forest and LSTM have the potential to integrate 

the strengths of tabular feature learning and sequential 

pattern modeling, making them a promising direction for 

future research. 

From a practical perspective, the superior prediction 

performance and computational efficiency of Random 

Forest make it a more suitable candidate for deployment in 

a real-time early warning system. The model required only 

2.667 seconds for training and 0.0102 ms per record for 
inference, substantially outperforming LSTM in 

computational efficiency. The prediction results enable 

network administrators and maintenance engineers to 

prioritize maintenance activities according to the predicted 

network condition. ONTs predicted as Warning can be 

subjected to closer monitoring, while those predicted as 

Critical can be immediately scheduled for inspection and 

corrective maintenance. Furthermore, by integrating the 

prediction model with a WhatsApp-based alert feature, the 

dashboard automatically flags ONTs predicted as Warning 

or Critical and prepares the corresponding notification 
message; the current implementation requires the network 

administrator to manually confirm and send this message 

through WhatsApp Web, rather than dispatching it 

automatically from a dedicated admin number. This semi-

automated design still substantially reduces the manual 

effort of identifying at-risk ONTs, enabling maintenance 

personnel to take preventive action before service 

degradation or network failures occur, while leaving 

message dispatch under administrator supervision. 

Despite these promising results, this study has several 

limitations. First, the dataset was limited to a single 
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operator (PT. Jaringanku Nusantara), 58 ONTs, and a 

three-month observation period (March–May 2026); the 

monthly accuracy trend of Random Forest declined slightly 

over this period (98.69% in March, 98.20% in April, and 

98.37% in May), while LSTM declined more markedly 

(75.46%, 71.61%, and 64.96%, respectively), suggesting 

the possible onset of concept drift and indicating that the 

current dataset may not fully capture longer-term or 

seasonal variations in network degradation across a wider 

range of operating conditions. Second, this study did not 
incorporate additional operational information such as 

network fault ticket histories, detailed physical cable 

conditions, or technician maintenance records. Third, the 

current WhatsApp-based alert feature is semi-automated: 

the dashboard automatically identifies ONTs predicted as 

Warning or Critical and drafts the corresponding alert 

message, but dispatch still requires the network 

administrator to manually confirm and send the message 

through WhatsApp Web, rather than fully automated 

delivery from a dedicated admin number. Because message 

dispatch depends on manual confirmation, no automated 
delivery log was available, and a systematic quantitative 

evaluation of notification delivery success rate and 

response latency was therefore not conducted within the 

scope of this study; future work should implement fully 

automated dispatch (e.g., via an official WhatsApp 

Business API) to enable such an evaluation. Future 

research should consider extending the observation period, 

validating the framework across multiple ONT populations 

and network operators, integrating maintenance and 

customer fault data, investigating hybrid predictive models 

such as Random Forest–LSTM or CNN–LSTM, exploring 

adaptive threshold-tuning strategies inspired by 
reinforcement learning [20] for dynamically adjusting 

Warning and Critical alert boundaries, and implementing 

the proposed prediction framework within a real-time 

operational network monitoring system. 

 

IV. CONCLUSION 

This study compared the performance of Random Forest 

and Long Short-Term Memory (LSTM) for predicting 

optical power degradation in Fiber-to-the-Home (FTTH) 

networks using 63,145 historical records collected from 58 

Optical Network Terminals (ONTs). The experimental 
results demonstrate that Random Forest consistently 

outperformed LSTM across all evaluation metrics, 

achieving an accuracy, precision, recall, and F1-score of 

98.41%, with a Mean Absolute Error (MAE) of 0.0173 and 

a Root Mean Square Error (RMSE) of 0.1420. In contrast, 

LSTM achieved an accuracy of 70.08%, with an MAE of 

0.4565 and an RMSE of 0.8781, while also requiring 

significantly longer training and inference times. These 

findings indicate that Random Forest is more suitable for 

predicting optical power degradation in FTTH networks, 

primarily because its combination of engineered temporal 

features and technical variables effectively captures the 

characteristics of operational FTTH data. 

This study contributes by proposing a fair comparative 

framework between tabular and sequential learning models 

through equivalent temporal preprocessing, identifying 

historical optical power features as the most influential 

predictors of network degradation, and integrating the 

Random Forest model into a web-based dashboard with a 

WhatsApp-based early warning system to support 

preventive maintenance. Nevertheless, the study is limited 
by its single-operator, 58-ONT, three-month dataset, the 

absence of detailed maintenance and fault history data, and 

the lack of a quantitative evaluation of WhatsApp 

notification delivery performance. Robustness checks 

using a strict chronological train-test split and per-class 

evaluation confirmed that Random Forest's performance 

was not an artifact of random data splitting or class 

imbalance, though longer-term, multi-operator validation 

remains necessary. Future work should utilize longer-term, 

multi-site historical datasets, investigate hybrid approaches 

such as Random Forest–LSTM or CNN–LSTM, 
quantitatively evaluate the early warning notification 

system in operational deployment, and integrate the 

proposed framework with real-time network monitoring 

systems to enable automated early fault detection and more 

responsive maintenance operations. 
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