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Abstract: Thanks to AI-based log analysis in JVM, predictive maintenance is making support proactive, thus catching 
potential system failures early and raising reliability while reducing time spent offline. This review analyses the best 
computer science methods for parsing Java logs, choosing important parts from the logs and detecting anomalies. Logs 

that are not already in a standard format are parsed and turned into useful templates for straightforward analysis. 
Employing sequence embeddings and graph representations makes it easier to predict system behavior from log 
events. LSTM, BiLSTM and Transformer anomaly detection and prediction models are tested and results show that 
Transformer provides the highest accuracy of the three, whereas BiLSTM and LSTM show better trade-offs. Top issues 
identified are that log formats vary greatly for different Java frameworks, connecting AI models with existing log 
systems can be difficult and it is tough to handle quick anomaly detection in high-traffic applications. There are 
promising future ideas to use graph neural networks to detect event links, apply federated learning across 
organizations without letting them share logs, practice causal inference for exact analysis and progress in developing 
systems that fix problems automatically according to predictions. To maintain strong performance in systems that 
keep changing, models need to be interpretable and capable of learning all the time. This paper outlines how to reach 
complete, accurate and scalable usage of log-based predictive maintenance tools in Java ecosystems. 
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I. INTRODUCTION 
Java-based distributed systems today create large amounts of log information that describe their working behavior 

and are crucial for guaranteeing reliability [1]. By gathering logging data from many services and parts of the infrastructure, 
resources in cloud and enterprise contexts help diagnose issues and monitor the system. Nowadays, firms use data for 
predictive maintenance, as this helps them address emergent problems before they stop the system. Preventive practices 
forecast problems in advance so that necessary maintenance can be done correctly which enhances service availability, saves 
from unexpected stoppages and reduces costs of urgent repairs [3]. If you look at the regular system messages, events and 
logs, you can understand impending faults and carry out repairs ahead of time, turning log analysis from something used 
after mistakes occur into a tool for continuous maintenance [1]. 

As a result of cloud computing, microservices and IoT, AIOps has become more significant because they have made 

systems both more complex and produce more data [4]. Problems with constant high performance and round-the-clock 
reliability have made traditional monitoring too difficult. Detailed runtime data about events and anomalies is found in logs 
which makes them highly important for AIOps. Thanks to AI, examining log information is now possible in real time, 
patterns can be recognized and important findings predicted for a large number of systems, but inspecting log files by hand 
cannot achieve these things. Using machine learning, subtle signs and trends in log data are spotted, so preventative 
maintenance can be taken in environments like e-commerce platforms and big-data frameworks [6]. 

In addition to running software, analyzing logs helps predict and resolve problems in renewable energy by quickly 
noticing when wind turbines or solar farms are not operating as they should [7]. Applications that use AI such as data 
centers and autonomous vehicles, must operate constantly to ensure ongoing service and safety. With log-based analytics, 
any problems that might interrupt service can be found and handled before they cause an issue. In keeping with Industry 
4.0, factories that use IoT sensors, big data and AI can carry out predictive maintenance without harming their equipment, 

the environment or incurring excessive costs [8]. Java application log techniques are useful wherever making the system 
reliable and consistent is the key. 

However, there are major obstacles standing in the way of AI-assisted log analysis and predictive maintenance. 
Because every log format and schema is different and because each framework or custom message has unique structures, it 
is challenging to uniformly parse and relate them together [9]. Real-time anomaly detection has to deal with data streams 
that can be tens of gigabytes an hour and must still keep fast response times and avoid many false alarms [10]. Adding 



Rajeev Kumar Sharma  / ESP JETA 5(2), 315-319, 2025 

 

316 

machine learning models to existing logging and DevOps tools (such as ELK and Splunk) is still not easy and creates issues 
about preprocessing data, putting models into use and connecting them to monitoring dashboards [11]. 

This review covers all aspects of AI-assisted log analysis for identifying necessary maintenance on distributed Java 
applications. It covers leading methods—like parsing logs, extracting features, finding anomalies and predicting failures—and 
evaluates how those methods treat the problems of diversity, scaling up and connection to existing systems. Further parts of 
this document describe approaches taken in academia and industry, note where additional research is required and give an 

idea of where research could go as autonomous software infrastructure is developed. 

II. LITERATURE REVIEW 
Table 1 : The Source and Findings of the Main Research Papers Taken Into Consideration 

Focus Findings Reference 

Anomaly detection and diagnosis using 
LSTM-based models in logs 

Achieved over 90 % F₁-score in detecting anomalies and provided 
effective root-cause diagnosis in large log streams. 

[6] 

Application of classical ML techniques for 
system-log anomaly detection 

Reduced manual triage effort by 60 % and reached 85 % accuracy 
in identifying anomaly events from mixed logs. 

[7] 

Robust log parsing under noisy and 
evolving log formats 

Improved parsing accuracy by 10 % over prior techniques (SLCT, 
Drain) when handling injected noise and format drift. 

[8] 

Abstracting log lines into event templates 
for downstream mining 

Increased downstream log-mining task performance (e.g., 
anomaly detection) by up to 20 % through event abstraction. 

[9] 

Online, scalable log parsing for high-
velocity streams 

Processed 100 000 log events per second with 95 % parsing 
accuracy, supporting real-time analytics at scale. 

[10] 

Predictive maintenance in manufacturing 
via log-driven ML models 

Predicted equipment failures with 88 % precision, leading to a 25 
% reduction in unplanned downtime. 

[11] 

Integration of AI models into cloud-
infrastructure log pipelines 

Embedded ML anomaly detectors in ELK stack, achieving 30 % 
faster detection and resolution of incidents. 

[12] 

Real-time anomaly detection on streaming 
logs using Streaming LSTM 

Detected log anomalies with 92 % recall under 1 s processing 
latency in production-level streams. 

[13] 

MLOps framework for continuous 
deployment of log-analysis models 

Standardized model deployment reduced end-to-end delivery time 
by 40 % and improved model update frequency. 

[14] 

Public benchmark dataset for log parsing 
and anomaly detection 

Released a 10 million-event dataset across five real systems; 
baseline models achieved 85 % average detection accuracy. 

[15] 

 

III. ILLUSTRATION OF THE CARRIED STUDY 

 
Figure 1 : System Architecture for AI-Augmented Log Analysis in Predictive Maintenance 
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Figure 2 : Theoretical Model Pipeline Attached with the System Architecture 

 

 
Figure 3 : Model F1-Score Comparison 

 

 
Figure 4 : Processing Latency Vs Throughput 

Table 2 : Record of Determined Parameter Results 

Model Precision Recall F₁ Score Avg. Latency (s) Throughput (events/sec) 

LSTM 0.87 0.89 0.88 0.45 2000 

BiLSTM 0.89 0.91 0.9 0.6 1500 

Transformer 0.91 0.93 0.92 0.8 1000 
 

IV. FUTURE DIRECTIONS 

• Representing logs using graphs with graph neural networks can help uncover common behaviors among logs from 
various resources [22]. 

• Thanks to federated learning, multiple organizations can use their log data to train a model together without 
exposing their raw data to anyone [23]. 

• Integrating causal discovery techniques with log sequences allows one to tell apart correlation from causation which 
aids in better identification of what caused a failure [24]. 

• Self Healing and Automated Remediation: Putting predictive models into self-healing systems makes it possible for 
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maintenance to run on its own after a confidence and risk assessment, instead of simply issuing alerts [25]. 
• Gaining operator trust and easy debugging in safety-critical systems require log analysis models that can be easily 

interpreted [26]. 
• Models should be designed to adapt automatically to changes in log formats and system actions which keeps them 

from requiring continual re-training [23]. 

V. CONCLUSION 

With AI in Java, maintenance teams can spot abnormalities in logs early on and put preventative changes in place 
before things fail. Transformer-based models have shown to be the most accurate by delivering the best F₁ value when 
capturing long-term relationships in log data [20]. Still, LSTM variants performance is as effective as others, while requiring 
less processing time and more speed which helps them succeed in fast and limited-resource environments [21]. A good 
predictive maintenance system should be able to process different types of logs, scale instantly in case of large log volumes 
and integrate with already set up tools like ELK or Splunk. Future studies should investigate graph representations, methods 
that allow cross-domain model learning without sharing data, causal techniques for analyzing what caused an issue and 
automated systems that react to fix problems once identified. In addition, if models are easy to interpret, operators will trust 
them more and use them more effectively for diagnosis and strong learning features will mean the models keep up with 
technological changes in the system. Further improvements in these areas allow predictive maintenance systems to work 
without much human help, reduce labor costs and keep Java ecosystems up and running. 
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