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Abstract

This study aims to develop an intelligent model for predicting failures and optimizing maintenance scheduling of banking
ATMs through deep learning algorithms and operational data analysis. A meta-synthesis approach was used to identify and
categorize factors influencing ATM failures based on previous studies. Extracted indicators were classified into major and
minor categories, and coding quality was assessed using the Kappa index. The Shannon entropy method was applied to
determine the significance of each component. In the experimental phase, a deep neural network model with two hidden
layers was implemented, using input features such as transaction logs, temperature, voltage, sensor states, and maintenance
history. Model performance was evaluated using accuracy, mean squared error (MSE), and coefficient of determination (R?).
Results indicated that variables such as withdrawn cash volume, internal temperature, population density around the
installation area, and the type of last maintenance service were the most influential in predicting failures. The Kappa value
of 0.82 demonstrated excellent inter-coder reliability. The proposed model accurately predicted potential failures within the
defined time window. Shannon entropy analysis showed that the components of performance and transaction, hardware and
sensors, and maintenance events carried the highest information weight. The application of deep learning algorithms in
predictive maintenance of ATMs effectively reduces emergency repair costs, increases system reliability, and enhances
customer satisfaction. The findings highlight that the CNN-LSTM hybrid model can be efficiently integrated into intelligent
ATM monitoring systems for proactive maintenance planning.
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Automated Teller Machines (ATMs) have become a fundamental part of modern banking infrastructure,
ensuring continuous and direct customer access to financial services. Their role in enabling financial inclusion,
reducing transaction queues, and providing real-time cash services has made their operational reliability a
critical component of a bank’s reputation and profitability (Ahmed & Rashid, 2019). However, frequent
breakdowns, hardware malfunctions, and software disruptions significantly impair customer satisfaction and
financial performance (Zhao & Zhang, 2020). With the growing complexity of ATM systems—integrating
mechanical components, software modules, and network connections—maintenance planning has become
increasingly challenging and data-intensive. The need for predictive and preventive maintenance has
consequently emerged as a central focus in the digital banking era (Wavetec, 2024).

Recent advancements in artificial intelligence (Al), particularly machine learning (ML) and deep learning
(DL), have revolutionized predictive maintenance in industrial and service systems (Hassani et al., 2020; Hu
etal., 2021). Deep learning algorithms, such as Convolutional Neural Networks (CNNs) and Long Short-Term
Memory (LSTM) networks, can process complex, nonlinear data and extract patterns invisible to traditional
statistical techniques. In the banking context, these algorithms allow automated analysis of ATM transaction
logs, environmental conditions, sensor readings, and historical repair records to predict failures before they
occur (Amin & Shams, 2020; Bagherighadikolaei et al., 2020).

Earlier studies have mainly focused on statistical modeling and machine learning techniques for ATM
performance prediction. For instance, (Jain & Kumar, 2019) and (Rachburee et al., 2017) used time-series
analysis to predict spare part failures, while (Malau & Suardi, 2024) applied survival analysis to estimate
ATM durability under different environmental conditions. However, these studies were constrained by their
reliance on shallow architectures and limited variable integration. In contrast, deep learning architectures—
particularly hybrid models that combine CNN and LSTM—offer a powerful approach for learning spatial-
temporal dependencies in high-dimensional ATM data streams (Huang et al., 2023).

The relevance of this research is further underscored by the significant costs and service interruptions
associated with reactive maintenance strategies. Sudden ATM failures lead to customer dissatisfaction and
reputational damage (Johnson & Wang, 2020; Martinez & Ruiz, 2020). In countries with extensive ATM
networks, such as India, Saudi Arabia, and the United Arab Emirates, studies have shown that reliability
directly affects customer loyalty and perceived trust in financial institutions (Ali & Usmani, 2020; Khan &
Shah, 2020). Similarly, research on digital financial services in East Asia and Europe highlights that ATM
uptime rates correlate strongly with user retention and transaction frequency (Mohan & Kaur, 2021; Nguyen
& Nguyen, 2021).

The integration of predictive maintenance and Al-driven analytics is transforming asset management across
sectors. For example, (Rosati et al., 2022) demonstrated how machine learning could accurately model
Remaining Useful Life (RUL) of ATMs, while (Tsiakos & Chalkias, 2023) and (Rasol et al., 2022) confirmed
the value of combining deep learning with remote sensing and sensor-based diagnostics for infrastructure
monitoring. Additionally, (Kashani et al., 2023) and (Vale & Simoes, 2022) illustrated that integrating multi-
source data, including sensor and environmental inputs, significantly improves predictive accuracy for
maintenance planning.

Building upon these developments, the present study aims to design and evaluate a deep learning—based
framework for optimizing ATM maintenance and repair planning. By integrating operational, transactional,
environmental, and temporal data, this research provides a comprehensive model capable of early fault
detection, cost reduction, and service continuity enhancement in banking operations.

Methods and Materials

This study employed a meta-synthesis (Meta-Synthesis) approach to systematically analyze prior research on
ATM maintenance and predictive failure analysis. Initially, relevant studies addressing ATM breakdowns,
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maintenance strategies, and Al-based prediction models were collected and analyzed to identify key factors
influencing ATM reliability. Extracted themes and data from previous research were categorized into main
and sub-categories, forming the conceptual basis for the current analytical model.

After identifying the essential variables, data were collected from ATM operational logs, maintenance records,
and environmental sensors across multiple bank locations. The variables included transaction count, cash
withdrawal volume, operational errors, voltage fluctuations, temperature readings, software version updates,
and time-based factors (hour, day, month, and season). These data were preprocessed through normalization,
encoding, and outlier removal to ensure data consistency and quality.

The analytical framework consisted of two stages. In the qualitative stage, the meta-synthesis method was used
to classify failure determinants and maintenance indicators. Reliability between coders was verified using the
Kappa coefficient, yielding an agreement score of 0.82, indicating excellent consistency. Shannon’s entropy
method was then applied to determine the weight and relative importance of each maintenance factor.

In the quantitative stage, a deep neural network (DNN) model was developed using a hybrid CNN-LSTM
architecture. The CNN layers were responsible for spatial feature extraction, while the LSTM layers captured
temporal dependencies among sequences of ATM operational data. The model was trained on historical
datasets and tested for predictive accuracy using metrics such as Mean Squared Error (MSE), Root Mean
Square Error (RMSE), and the coefficient of determination (R?). The entire analytical process was
implemented in Python with TensorFlow libraries, and statistical validation was conducted using SPSS.
Findings

The data analysis revealed that the volume of cash withdrawn, internal device temperature, input voltage
stability, number of daily transactions, and time since last maintenance service were the most significant
predictors of ATM failure. Shannon’s entropy analysis assigned the highest informational weight to three main
dimensions: Performance and Transactions, Hardware and Sensors, and Maintenance Events. Together, these
accounted for more than 65% of the total information entropy, emphasizing their central role in failure
prediction.

The deep learning model achieved a predictive accuracy exceeding 90%, with a mean squared error (MSE)
below 0.05 and an R? value above 0.93. Compared to traditional machine learning methods such as Random
Forest and Logistic Regression, the CNN-LSTM model demonstrated superior performance, reducing error
rates by approximately 15-20%.

Additionally, the temporal component of the model successfully detected periodic failure patterns linked to
specific calendar factors—particularly weekends and end-of-month cycles—when transaction volumes were
highest. This result aligns with operational expectations that heavy workload periods exert additional stress on
ATM components, particularly cash dispensers and receipt printers.

Moreover, the model identified abnormal spikes in error rates and response times as early indicators of
impending system malfunction. By integrating these early-warning signals, the framework enabled the
prediction of potential failures up to several days in advance, allowing maintenance teams to schedule
preemptive servicing and thereby reduce downtime.

The qualitative coding results revealed a hierarchical categorization of 16 main dimensions and 83 specific
indicators associated with ATM performance. Among these, mechanical sensor status, cabinet opening
frequency, and emergency shutdown occurrences were identified as highly sensitive factors. The Kappa
analysis confirmed strong inter-coder agreement, validating the consistency and reliability of qualitative
assessments.

Overall, the findings highlight that integrating environmental, transactional, and technical indicators provides
a multidimensional view of ATM performance, offering the precision required for predictive maintenance
decision-making.
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Discussion and Conclusion

The findings of this study demonstrate that deep learning—based predictive maintenance systems can
significantly enhance the operational efficiency and reliability of banking ATMs. The hybrid CNN-LSTM
model successfully captured both spatial and temporal data patterns, outperforming conventional approaches
in predicting failures and optimizing service intervals. These results are consistent with previous research
emphasizing the transformative role of Al in maintenance optimization (Hassani et al., 2020; Hu et al., 2021;
Rosati et al., 2022).

The predictive accuracy achieved in this study confirms earlier findings that environmental and operational
variables—such as temperature, voltage fluctuations, and transaction volume—play crucial roles in equipment
degradation (Kashani et al., 2023; Vale & Simoes, 2022). Likewise, the discovery that calendar-based
variables (e.g., day of the week or month) correlate with system stress is aligned with studies by (Pratiwi et
al., 2022) and (Lee & Choi, 2022), which identified periodic patterns in ATM workload and failure
probability.

Furthermore, the success of the proposed model illustrates the practical value of merging meta-synthesis and
deep learning methodologies. The qualitative meta-synthesis allowed comprehensive identification of relevant
indicators, while the quantitative model provided robust predictive analytics. The integration of these methods
reflects recent advances in hybrid Al systems and cross-domain knowledge fusion (Huang et al., 2023;
Tsiakos & Chalkias, 2023).

This study also supports the argument presented by (Rygus et al., 2023) that deep learning can effectively
capture nonlinear dependencies in complex technical environments. The CNN-LSTM architecture used here
efficiently handled high-dimensional ATM data, including noisy inputs from sensors and transaction logs,
which traditional regression-based models often fail to process. Moreover, the entropy-based weighting
provided an evidence-driven mechanism for prioritizing maintenance factors, contributing to more targeted
decision-making.

From a managerial perspective, the adoption of predictive maintenance strategies based on deep learning offers
substantial benefits. These include reduced emergency repair costs, enhanced equipment uptime, improved
customer satisfaction, and better resource allocation for maintenance teams (Ahmed & Rashid, 2019; Khan &
Bhat, 2021; Martinez & Ruiz, 2020). By enabling banks to anticipate potential issues before they disrupt
services, the system fosters both operational continuity and strategic competitiveness in the financial sector.
Overall, the results confirm that predictive maintenance grounded in deep learning can serve as a cornerstone
of smart banking infrastructure. The approach effectively integrates big data analytics, sensor technology, and
Al to create self-learning systems capable of continuous improvement. This technological convergence not
only improves technical performance but also enhances customer trust and brand reliability in the digital
banking ecosystem (Khan & Shah, 2020; Mohan & Kaur, 2021).

In conclusion, this research contributes to the growing body of evidence highlighting the potential of artificial
intelligence in predictive asset management. The proposed CNN-LSTM-based framework provides a scalable
and accurate model for anticipating ATM failures and planning maintenance activities efficiently. By bridging
methodological rigor with practical application, the study establishes a pathway for banks seeking to transition
from reactive to proactive maintenance strategies in the age of intelligent automation.
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