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Accurate prediction of battery backup time is essential for ensuring service
reliability and efficient energy management in modern telecommunication
networks, particularly during power outages. This study proposes a
comprehensive benchmarking framework to evaluate the performance of
eleven advanced time-series forecasting models, including deep learning
architectures (multi-layer perceptron (MLP), convolutional neural network
1-dimension (CNN1D), long short-term memory (LSTM), bidirectional long
short-term memory (BiLSTM), gated recurrent unit (GRU), and temporal
convolutional network (TCN)), Transformer-based models (Transformer,
Informer-Lite, and patch time-series Transformer-lite (PatchTST-Lite)), and
linear baseline approaches (decomposition linear (DLinear) and normalized
linear (NLinear)). The models are trained and validated using real-world
telecom power system data under varying load and environmental
conditions. To improve model transparency and reliability, an explainable
artificial intelligence (XAI) framework is incorporated to interpret feature
contributions and identify key factors influencing battery performance.
Experimental results indicate that Transformer-based models outperform
conventional deep learning and linear models in terms of prediction
accuracy and robustness across different operating scenarios. Furthermore,
XALI analysis highlights that load current, ambient temperature, and battery
health indicators are the most influential variables affecting backup time
prediction. The proposed framework provides both high accuracy
forecasting and interpretability, enabling more effective decision-making
and enhancing energy resilience in telecommunication infrastructure.
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1. INTRODUCTION

In recent years, internet communication technologies have become a fundamental backbone for
modern businesses and digital services. These technologies enable seamless data exchange across domestic
and international networks, resulting in rapid expansion of the telecommunication industry [1]-[3].
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Telecommunication systems can be broadly classified into wired, wireless, and satellite-based
communication infrastructures [4]-[6], all of which depend on geographically distributed base stations and
communication nodes to ensure continuous service coverage and reliability. Ensuring uninterrupted operation
of telecommunication infrastructure remains a significant challenge, particularly under power outage
conditions or unstable grid environments. Each communication site must maintain continuous operation to
preserve network availability and service quality. Consequently, backup power systems are essential
components in telecommunication networks. Among these, battery energy storage systems play a critical role
in supplying emergency power during grid failures. Despite the development of advanced battery
technologies, lead-acid batteries are still widely deployed due to their cost-effectiveness, robustness, and ease
of maintenance [7]—[9].

However, accurately predicting battery backup time remains a challenging task in real-world
applications. Field investigations conducted in collaboration with a telecommunication service provider
indicate that existing estimation methods often rely on periodic testing or simplified assumptions, which fail
to capture dynamic operating conditions. In practice, battery performance is influenced by multiple factors,
including load demand, ambient temperature, battery aging, and operational patterns, leading to nonlinear,
and time-varying behaviors. These complexities often result in discrepancies between estimated and actual
backup durations, which negatively impact maintenance planning, fault management, and overall system
reliability. Recent advances in artificial intelligence (AI) and time-series forecasting have demonstrated
strong potential in addressing complex prediction problems in energy and telecommunication systems
[10]-[13]. Deep learning models, including recurrent neural networks (RNNs) and convolutional
architectures, have been widely applied to capture nonlinear temporal dependencies. For instance, long short-
term memory (LSTM)-based approaches have been used for fault prediction and root cause analysis in
communication systems [14], [15], while explainable deep-learning frameworks have shown improved
accuracy in battery state prediction [16]. Similarly, convolutional neural network (CNN) and RNN models
have been applied to traffic prediction in edge networks, demonstrating improved performance in distributed
environments [17]—-[19].

More recently, Transformer-based architectures have emerged as powerful tools for time-series
forecasting due to their ability to model long-range dependencies. Studies such as [20]-[22] have
demonstrated that Transformer models outperform conventional approaches, achieving significant
improvements in forecasting accuracy. Advanced variants, including patch time-series transformer (PatchTST)
and decomposition linear (DLinear), have further improved performance in both single-step and multi-step
prediction tasks [22], [23]. In the context of battery systems, several Transformer-based models have been
proposed for state-of-health (SoH) and remaining useful life (RUL) prediction, including nonlinear
autoregressive with exogenous inputs-Transformer (NARX-Transformer) [24], growth and seasonal
embedding within the Transformer (SGEformer) [25], and hybrid autoencoder-Transformer models [26], [27],
which report significant improvements in prediction accuracy and robustness.

In addition to predictive performance, explainability has become an important requirement for
practical deployment. Explainable artificial intelligence (XAI) techniques, such as Shapley additive
explanation (SHAP), attention analysis, and AIChronoLens, have been applied to interpret model behavior
and identify key factors influencing predictions [17], [23], [28]-[31]. These methods provide valuable
insights into feature importance and temporal dependencies, supporting engineering decision-making.
However, most existing studies focus on individual models and do not provide a comprehensive comparison
across multiple architectures. Furthermore, the integration of XAI within a unified benchmarking framework
remains limited, particularly in telecommunication energy systems.

To address these gaps, this study proposes a comprehensive and explainable benchmarking
framework for battery backup time prediction using real-world telecommunication data. The proposed
approach evaluates eleven state-of-the-art models, including deep learning architectures (multi-layer
perceptron (MLP), CNN 1-dimension (CNN1D), LSTM, bidirectional long short-term memory (BiLSTM),
gated recurrent unit (GRU), and temporal convolutional network (TCN)), Transformer-based models
(Transformer, Informer-Lite, and PatchTST-Lite), and linear baseline models (DLinear and normalized linear
(NLinear)). The investigated system consists of a 48 V lead-acid battery bank composed of four 12 V
batteries connected in series with a nominal capacity of 100 Ah, supplying a typical telecommunication load.

The main contributions of this work are summarized as follows: i) a unified benchmarking
framework for evaluating multiple time-series models under consistent conditions; ii) a real-world
telecommunication dataset analysis, capturing dynamic battery operating conditions; iii) a comprehensive
performance comparison, identifying the most accurate and robust prediction model; and iv) integration of
XAI to interpret model predictions and identify key influencing factors. The proposed framework provides
both high predictive accuracy and interpretability, offering valuable insights for intelligent energy
management and enhancing the reliability and resilience of telecommunication infrastructure.

An explainable artificial intelligence benchmarking with deep reinforcement ... (Promphak Boonraksa)



4484 O3 ISSN: 2252-8938

2. PROPOSED FRAMEWORK

This study proposes a comprehensive and explainable framework for predicting battery backup time
in telecommunication energy systems using real-world operational data. The framework is designed to
improve prediction accuracy, model robustness, and interpretability for practical engineering applications.
The overall system consists of four main stages: data acquisition, data preprocessing, model development,
and explainable analysis, as illustrated in Figure 1.
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Figure 1. Proposed explainable multi-model framework for battery backup time prediction in
telecommunication systems

In the data acquisition stage, operational data are collected from telecommunication sites, including
electrical and environmental parameters such as battery voltage, load current, ambient temperature, and
internal resistance. These data reflect real-world operating conditions and battery behavior under varying
loads and environmental influences. In the data preprocessing stage, the collected data are processed through
cleaning, normalization, and feature selection. This step ensures that the input data are consistent,
well-structured, and suitable for training machine learning and deep learning models.

In the model development stage, multiple forecasting models are implemented and evaluated. These
include deep learning models (MLP, CNN1D, LSTM, BiLSTM, GRU, and TCN), Transformer-based models
(Transformer, Informer-Lite, and PatchTST-Lite), and linear baseline models (DLinear and NLinear). Each
model is designed to capture temporal dependencies and nonlinear relationships in time-series data from
different perspectives. To enhance model transparency and practical applicability, XAl techniques are
incorporated in the final stage. These techniques are used to interpret model predictions and identify the
contribution of key input variables, enabling better understanding of the factors affecting battery backup
duration. The outputs of the framework provide both accurate prediction results and interpretable insights,
which can support decision-making in energy management, maintenance planning, and reliability
improvement in telecommunication infrastructure.

3. METHOD
3.1. Data collection

The data used in this study are collected from real telecommunication power systems, specifically
from battery monitoring units installed at communication sites. The dataset includes both electrical and
environmental parameters that reflect the operational behavior of the battery system under real-world
conditions. The key variables consist of voltage, load current, temperature, internal resistance, and
state-related indicators such as state of charge (SOC) and SoH. To formulate the problem mathematically, the
system can be represented as a multivariate time-series model. The state of the battery at time t is defined
asin (1) [25].

X, = [X1, Xq) s Xl (D
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Where, X, represents the state vector at time t, and x; denotes the i-th feature describing battery
characteristics such as voltage, current, temperature, and internal resistance. The target variable in this study
is the battery backup time, denoted as y; in (2) which represents the duration that the battery can supply
power under given operating conditions.

y; = BackupTime, 2)

The relationship between input variables and the predicted output is modeled using a nonlinear function as
calculated in (3).

Verr = f Kecrgn - Xe) 3)

Where, J,,1 denotes the forecasted value at time t + 1, f(-) represents the nonlinear mapping function of the
model, and L indicates the number of past time steps considered.

3.2. Data preprocessing

Since the data used in this study are time-series data with a sequential temporal structure, data
preprocessing plays a crucial role in improving model performance. Prior to normalization and feature
extraction, the raw operational data were subjected to a data-cleaning process. Missing values caused by
communication interruptions or sensor malfunctions were identified and removed when the duration of
missing records exceeded a predefined threshold. For isolated missing observations, linear interpolation was
applied to preserve temporal continuity. Duplicate records and corrupted measurements were also eliminated
from the dataset.

To detect anomalous observations, an interquartile range (IQR)-based outlier detection method was
employed. Data points located outside 1.5 times the IQR were flagged for further inspection. However,
sudden variations caused by actual telecommunication load fluctuations were retained because they represent
realistic operating conditions and provide valuable information for battery behavior modeling. Only
observations associated with sensor failures, communication errors, or physically impossible measurements
were removed.

Furthermore, consistency checks were performed on voltage, current, temperature, and internal
resistance measurements to ensure that all values remained within physically reasonable operating ranges.
This procedure improved data quality while preserving the intrinsic temporal characteristics of the battery
system. The first step involves scaling the data (normalization) to reduce the differences in value ranges
among variables. In this study, min-max normalization is applied [28], as defined in (4).

x| = ""‘j:"' )
max mn

Where, x'represents the normalized value of the original data x, obtained using the minimum value x,;, and
the maximum value x4,

After normalization, the data are transformed into a format suitable for model learning using the
sliding window technique. This approach groups the previous L time steps as input to predict the value at the
next time step [28], as formulated in (5) and (6).

x® = [Xi,.--,Xi+L—1] i

y O = [yl (6)

Where, X represents the i-th input sequence and y® denotes the corresponding target value to be
predicted. This process enables the model to effectively capture temporal dependencies in the data. In addition,
feature engineering is performed to better reflect the physical behavior of the battery. For example, the depth
of discharge (DoD) is introduced as an additional feature [28], which can be calculated as shown in (7).

Ixt

DoD = == x 100 (7)

Where I represents the current, t denotes time, and C is the battery capacity. The SOC can then be calculated
as shown in (8).

S0C =100 — DoD 8)
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Where SOC represents the proportion of remaining energy in the battery, taking into account the energy
delivered, as expressed in (9).

E=VxIxt ©9)

Where E represents electrical energy, V denotes voltage, and I is the current. Meanwhile, temperature is a
critical factor affecting battery lifetime, and its relationship can be described as shown in (10).

T-Tre f

Ly =Ly X2 85 (10)

Where Ly represents the battery lifetime at temperature T, L, is the reference lifetime, and T,.; denotes the
reference temperature. Subsequently, feature correlation analysis is conducted to examine the relationships
among variables and to select the most relevant features for model training. This step helps reduce
multicollinearity and improves the accuracy of the forecasting results, as illustrated in Figure 2.

Figure 2 presents the correlation heatmap of all variables used in this study, providing a
comprehensive understanding of the behavior and interrelationships among battery parameters. The results
indicate that internal resistance variables (cell internal resistance (Cell-IR) and total internal resistance
(Total-IR)) exhibit a strong negative correlation with SoH (approximately-0.93), highlighting that an increase
in internal resistance is directly associated with battery degradation. At the same time, temperature shows a
clear negative correlation with backup time (approximately-0.90), confirming that operation under high-
temperature conditions leads to a reduction in battery performance. In contrast, voltage-related variables,
particularly voltage-BeforeTest, demonstrate a strong positive correlation with SoH (0.96), suggesting that
voltage serves as an effective indicator of battery health.

In addition, some variables, such as Cell-IR and Total-IR, are highly correlated with each other,
indicating the presence of multicollinearity. This finding supports the necessity of feature selection to
improve both the accuracy and stability of the model. Overall, the analysis highlights those key factors
influencing battery performance include internal resistance, voltage, and temperature, which form the
foundation for subsequent modeling and analysis.
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Figure 2. Heatmap illustrating the relationships among variables
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3.3. Models’ description

This study evaluates and compares the performance of 11 models, encompassing both deep learning
and linear approaches, to comprehensively assess their effectiveness in time-series forecasting. Among the
RNN architectures, the LSTM model is employed to address the issue of long-term dependency. The LSTM
architecture incorporates gating mechanisms that regulate the flow of information within the network,
enabling effective learning of temporal patterns [29], as described in (11) to (16).

fe = o(Wex, + Ushy_y) (11)

Where f; denotes the forget gate, which determines the information to be discarded; x, represents the input at
time t; h,_, is the previous hidden state; and Wyand Urare the weight matrices of the model.

ip = o(Wixy + Uphe—y) (12)
Where i; denotes the input gate, which controls the new information to be added to the memory cell.
a=fiOc_+i:O& (13)

Where c; denotes the cell state, c,_; represents the previous cell state, and ¢; is the candidate cell state
containing newly generated information.

he = o, O tanh(c,) (14)

Where h; denotes the output at time ¢, and o, represents the output gate. Meanwhile, the GRU model has a
simpler structure while still effectively capturing temporal dependencies.

ze = o(Wpxe + Ughey) (15)
Where z, denotes the update gate, which determines the proportion of information to be updated.
he =1 —z)hey + tht (16)

Where h, denotes the current hidden state and h, represents the newly computed information. For
convolution-based models, such as CNN1D and TCN, these are employed to extract temporal features using
convolution operations, as described in (17).

y=0dW X x+b) 17)

Where W represents the filter, x denotes the input, indicates the convolution operation, and b is the bias. In
the case of TCN, dilated convolution is employed to expand the receptive field as in (18).

() = K ox(t —d X k) wy (18)

Where y(t) denotes the output at time t, d is the dilation factor, w;, represents the kernel weights, and K is
the kernel size. In addition, models in the Transformer family are employed to capture long-term
dependencies through the attention mechanism, as described in (19).
Attention(Q,K,V) = soft max (Q—KT) xV (19)
) ) \/d_k

Where Q, K, and V denote the query, key, and value matrices, respectively, and d, is the scaling dimension
of the vectors. Finally, the DLinear model is employed to decompose the data into trend and seasonal
components, as described in (20).

— oLtrend seasonat
Xy = X¢ + x; (20)
Where x™" denotes the trend component and x¢*°"! represents the seasonal component, as defined in (21).
y = Wtrendxtrend + Wseasonalxseasonal (21

Where Wiong and Wieaeona denote the weight parameters of each component, and yrepresents the
predicted value.
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3.4. Hyperparameter settings

To ensure a fair comparison among the 11 models, this study adopts a unified training framework
with consistent conditions across all models. The dataset is structured as time-series data on a daily basis and
is transformed into sequential input using the sliding window technique prior to the training process. The
hyperparameter settings for all models are summarized in Table 1, along with the corresponding training
configurations [30]. Table 1 presents the hyperparameter settings of all models in a structured tabular format.
The key parameters are organized into major categories, including model dimension, number of layers, and
the number of attention heads for Transformer-based models, as well as kernel or patch-related parameters
for convolutional and patch-based models. In addition, model-specific parameters are summarized in the final
column to ensure a concise and non-redundant presentation. This tabular format facilitates effective
comparison across different model groups while preserving the essential structural details of each model.

Table 1. Hyperparameter settings for all models

Model Main Architecture Key hyperparameters
Hidden/d-model  Layers Heads Kernel/Patch Other

MLP Fully connected 128 2 - - Dropout = 0.1
CNNI1D ConvlD 64 (Channels) - - Kernel =3 Pool =2
LSTM RNN 64 2 - - Dropout = 0.1
BiLSTM Bidirectional RNN 64 2 - - Dropout = 0.1, Bi = True
GRU RNN 64 2 - - Dropout = 0.1
TCN Temporal ConvNet 64 - - Kernel =3 Dil=11, 2, 4]
Transformer Attention 64 2 4 - FF =128, Dropout = 0.1
Informer-Lite Efficient Transformer 64 2 4 - Dropout =0.1
PatchTST-Lite  Patch Transformer 64 2 - Patch=4 Stride =2
DLinear Linear (decomposition) - - - Seq =14 Trend + Seasonal
NLinear Linear baseline - - - Input=14 x F

3.5. Evaluation metrics

Model performance evaluation is a crucial step in determining the suitability of each model. In this
study, multiple standard evaluation metrics are employed to comprehensively assess both absolute and
relative prediction errors. The mean absolute error (MAE) is used to measure the average magnitude of
prediction errors [19], [31], [32], as defined in (22).

1 ~
MAE =S¥ 1y = 9il? (22)

The root means square error (RMSE) places greater emphasis on larger prediction errors [19], [31], [32], as
defined in (23).

RMSE = |~3N,(y; - 9,)? (23)

The coefficient of determination (R?) is used to measure the ability of the model to explain the
variance of the data [19], [31], [32], as defined in (24).

2 _ 4 Zi-9)?
k=1 Y(vi-yi)? (24)

Where y; represents the actual value of the i-th observation, y; denotes the predicted value, N is the total
number of observations, and y is the mean of the actual values.

3.6. Explainable artificial intelligence analysis

To improve the interpretability of the forecasting models, this study employs the SHAP method.
SHAP is a model-agnostic XAl technique based on cooperative game theory that quantifies the contribution
of each input feature to the model prediction. By assigning an importance value to each feature, SHAP
provides both global and local explanations, allowing the identification of the most influential variables
affecting battery backup time prediction. The SHAP value for a feature is computed using the Shapley value
formulation [33] as shown in (25).

f) =g+ Zliv=1 i (25)
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Where f(x) is the model prediction, ¢, is the baseline prediction, and ¢; represents the SHAP value of the
i-th feature [33]. The SHAP value can be computed as (26).

o = ngN\{i}W [fSU{iD)—f(s)] (26)
Where ¢; represents the contribution of feature i, N denotes the set of all input features, S is a subset of
features excluding feature i, and f(-) represents the prediction function of the trained model. The term
f(S U {i}) — f(s) measures the marginal contribution of feature i to the prediction. In this study, SHAP
analysis is performed on the best-performing forecasting model to identify the variables that most strongly
influence battery backup time prediction. The analysis is conducted through the following steps:

—  Step 1: train the forecasting model using the prepared dataset.

—  Step 2: apply the SHAP algorithm to compute feature contribution scores for each prediction.

—  Step 3: aggregate the SHAP values across all samples to obtain global feature importance.

—  Step 4: visualize and interpret the contribution of each feature using SHAP summary plots.

The obtained SHAP results provide valuable insights into the relationships between battery characteristics,
environmental conditions, and backup duration. Furthermore, the analysis enhances model transparency and
supports engineering decision-making by identifying the key factors that influence battery performance in
telecommunication infrastructures.

4. RESULTS AND DISCUSSION
4.1. Benchmarking of deep learning and Transformer-based models

This section presents the experimental results of battery backup time forecasting models under
different operating conditions, namely indoor and outdoor environments. The primary objective is to
compare the performance of 11 models, including both deep learning and baseline approaches. Model
performance is evaluated using standard statistical metrics, including MAE, RMSE, and RZ?, which
collectively provide a comprehensive assessment of prediction accuracy and the model’s ability to explain
data variability. To provide an overall comparison, Table 2 summarizes the prediction errors of all models,
ranked from best to worst based on their performance.

From Table 2, Informer-Lite achieves the best overall forecasting performance, yielding the lowest
MAE (0.0676), the lowest RMSE (0.0862), and the highest R? (0.9964). The superior performance of
Informer-Lite can be attributed to its efficient attention mechanism, which enables the model to capture
long-range temporal dependencies while reducing computational complexity. Such capability is particularly
important for battery backup time forecasting, where the current battery state is influenced not only by recent
measurements but also by long-term degradation patterns and historical operating conditions.

Table 2. Comparison of model performance based on evaluation metrics

Model MAE RMSE R?
MLP 0.1128  0.1357  0.9911
CNNI1D 0.0800 0.1001  0.9951
LSTM 0.0985 0.1260  0.9923
BiLSTM 0.0876  0.1118  0.9939
GRU 0.0766  0.0992  0.9952
TCN 0.1272  0.1566  0.9881

Transformer 0.0835  0.1096  0.9942
Informer-Lite ~ 0.0676  0.0862  0.9964
PatchTST-Lite  0.0788  0.1019  0.9950
DLinear 0.1046  0.1298  0.9918
NLinear 0.0745  0.0946  0.9957

Among the deep learning models, GRU, CNN1D, Transformer, and PatchTST-Lite also demonstrate
strong forecasting performance, all achieving R? values greater than 0.994. These results indicate that
advanced neural network architectures are effective in learning the nonlinear relationships among battery
condition indicators, environmental factors, and backup duration. Interestingly, the linear model achieves
competitive performance, with an RMSE of 0.0946 and an R? of 0.9957, outperforming several more complex
architectures. This finding suggests that the underlying battery backup time series contains relatively strong
trend components that can be effectively captured by simple linear mappings. However, Informer-Lite still
provides the highest prediction accuracy, indicating that attention-based architectures offer additional benefits
in modeling complex temporal dependencies and nonlinear operating behaviors.

In contrast, MLP and TCN exhibit higher prediction errors, with RMSE values of 0.1357 and
0.1566, respectively. The inferior performance of these models suggests that they are less capable of
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accurately representing the long-term temporal dynamics associated with battery degradation and operational
variations. Overall, the results demonstrate that attention-based architectures, particularly Informer-Lite,
provide the most reliable solution for battery backup time forecasting in real-world telecommunication systems.
To gain deeper insights into model performance beyond the statistical evaluation presented in Table 2, the
forecasting results are further analyzed in a time-series format. The predicted values are compared with the
actual observations at each time step, allowing a detailed assessment of the models’ ability to capture
temporal trends and fluctuations. The forecasting results under indoor conditions are illustrated in Figure 3.
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Figure 3. Forecasting results compared with actual values under indoor conditions

From Figure 3, it can be observed that models in the Transformer family, particularly Informer-Lite
and Transformer, closely follow the actual values throughout the entire time horizon. The predicted curves
largely overlap with the ground truth during both stable periods and fluctuating intervals, demonstrating their
strong capability in capturing temporal dependencies effectively. In contrast, RNN models such as GRU and
LSTM are able to capture the overall trend of the data; however, noticeable deviations are observed in certain
periods, especially during rapid changes. This limitation may be attributed to their relatively weaker ability to
model long-term dependencies compared to attention-based architectures. For linear models such as NLinear
and DLinear, the predictions appear smooth and stable, but they fail to adequately capture data fluctuations,
leading to higher errors during nonlinear variations. Additionally, the TCN model exhibits a consistent
underestimation behavior across several time periods, indicating its limitation in accurately learning the true
magnitude of the backup time. The results under indoor conditions suggest that models capable of capturing
long-term dependencies and complex data structures tend to achieve superior forecasting performance
compared to baseline approaches.

From Figure 4, it is evident that the data under outdoor conditions exhibit significantly higher
variability compared to the indoor case. This behavior reflects the influence of external factors, such as
temperature and dynamically changing environmental conditions, making the forecasting task more
challenging. Nevertheless, models in the Transformer family maintain the highest level of accuracy,
effectively tracking the underlying trends of the data even during highly fluctuating periods.
This demonstrates their strong capability in handling nonlinear patterns and noisy data. In contrast,
convolution-based models such as CNNID and TCN show noticeably increased prediction errors,
particularly during periods of high variability. This suggests limitations in their ability to capture complex
patterns under unstable environmental conditions.

Figure 5 presents the comparison of training and validation loss across all forecasting models.
Figure 5(a) presents the training loss curves of all forecasting models. The loss decreases rapidly during the
initial epochs, indicating effective learning and parameter optimization. Figure 5(b) presents the validation
loss curves. The relatively small gap between training and validation losses suggests good generalization
capability and limited overfitting across all models. It can be observed that the loss values decrease rapidly
during the initial epochs, indicating effective learning in the early stage. After approximately a few epochs,
both training and validation losses gradually stabilize, demonstrating convergence of the models.
Furthermore, the gap between training and validation loss remains relatively small across all models,
suggesting that overfitting is minimal and the models are able to generalize well to unseen data. Among the
models, most curves exhibit similar convergence behavior, while some models show slightly higher
fluctuations in validation loss, reflecting differences in learning stability.
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To further evaluate the effectiveness of the proposed forecasting framework, the performance of the
best-performing model in this study was compared with related studies reported in the literature. Table 3
summarizes representative studies that applied deep learning and Transformer-based approaches for battery
and energy-related time-series forecasting tasks. Table 3 compares the proposed framework with
representative battery forecasting studies reported in the literature. Ardakani et al. [24] proposed a
NARX-Transformer architecture for long-term battery SoH estimation and achieved a mean absolute
percentage error (MAPE) of only 1.4%. Fauzi ef al. [25] developed SGEformer, an enhanced Transformer
model incorporating seasonal and growth embeddings, and reported a mean squared error (MSE) of 0.000117
for lithium-ion battery SoH prediction.

More recently, Zhu et al. [27] introduced a hybrid variational modal decomposition
(VMD)-BiLSTM-Transformer model for simultaneous SoH estimation and RUL prediction, achieving an
RMSE of 0.23% on the Oxford battery dataset. These studies consistently demonstrate the effectiveness of
Transformer-based architectures in battery-related prediction tasks. Although direct numerical comparison is
challenging due to differences in datasets, battery chemistries, operating conditions, and prediction
objectives, the overall trend indicates that Transformer-based models provide superior performance
compared with conventional deep learning approaches. In this study, Informer-Lite achieved the lowest
RMSE (0.0862) and highest R? (0.9964) among all evaluated models for battery backup time
forecasting in telecommunication systems. The results further confirm the capability of attention-based
architectures to model nonlinear battery behavior and long-term temporal dependencies under real-world
operating conditions.

Table 3. Comparison with previous studies

Study Application Model Metric Result

Wang et al. [9] Telecom backup battery Deep learning Service Reduced interruption time
management interruption  from 4.7 h to nearly zero
Ardakani et al. [24] Battery SoH prediction NARX-Transformer MAPE 1.4%
Fauzi et al. [25] Battery SoH prediction SGEformer MSE 0.000117
Zhu et al. [27] Battery SOH/RUL prediction ~ VMD-BIiLSTM-Transformer RMSE 0.23% (Oxford)
Proposed study Telecom battery backup time Informer-Lite RMSE and 0.0862 and 0.9964
forecasting R?

4.2. Explainable analysis and model interpretation

Following the performance comparison of the forecasting models, this study further conducts an
explainability analysis using XAl techniques. The objective is to identify which input variables have the most
significant influence on the forecasting results under different environmental conditions, as well as to verify
that the learned patterns are consistent with the actual physical behavior of the battery. In this study, feature
importance is analyzed using a heatmap representation, which illustrates the average magnitude of influence
of each variable across different time steps within the input window. Variables with higher influence are
indicated by warmer color tones, while lower influence is represented by cooler tones. This approach enables
simultaneous interpretation of both which variables are important and which historical time steps contribute
most significantly to the prediction, as shown in Figures 6 and 7.

The results of the XAl analysis under indoor conditions are presented in Figure 6. It is observed that
the model assigns high importance to battery health-related and voltage-related features, such as SoH-pct,
after-15min-Bank-Voltage-V, and Voltage-Recovery-V. In addition, the time-idx variable plays a significant
role across multiple historical time steps, indicating that under indoor conditions, the model effectively
leverages temporal trends to capture the gradual degradation behavior of the battery. Another noteworthy
feature is SoH-IR-ratio, which demonstrates moderate to high importance across several positions. This
suggests that the combined feature enables the model to simultaneously capture battery health status and the
impact of internal resistance. Overall, the indoor case indicates that the model primarily relies on features that
reflect gradual degradation trends and intrinsic battery performance characteristics.

The XAI results under outdoor conditions as shown in Figure 7 reveal a distinct feature importance
pattern compared to the indoor case. Internal resistance-related variables, including average-IR-mOhm-per-
12 V, Total-IR-mOhm-bank, and SoH-IR-ratio, play a more dominant role, reflecting the stronger impact of
environmental stress on battery degradation. While SoH-pct remains a key feature in both cases, the outdoor
model relies more on physical battery characteristics, whereas the indoor model emphasizes temporal trends.
This observation is consistent with engineering principles, where increased internal resistance leads to faster
voltage drop and reduced backup time. The results confirm that the model effectively captures both temporal
and physical behaviors of the battery, enhancing its reliability for practical applications.
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5. CONCLUSION

This study presents a comprehensive benchmarking of deep learning models for battery backup time
prediction in telecommunication networks with XAI. The results show that Informer-Lite achieves the best
performance, with MAE is 0.0676, RMSE is 0.0862, and R? is 0.9964, outperforming all other models.
Transformer-based models also demonstrate strong performance (RMSE < 0.11, R? > 0.994), while baseline
models such as MLP and TCN show higher errors. Time-series analysis confirms that Transformer-based
models can accurately track battery behavior under both indoor and outdoor conditions. XAI results further
reveal that SoH-pct is the most important feature, with indoor conditions emphasizing temporal trends and
voltage recovery, and outdoor conditions highlighting internal resistance effects. The proposed framework
improves both prediction accuracy and interpretability, making it suitable for predictive maintenance in
telecommunication systems.
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