27 \3§
%JSREM%Q . - e - . .

< Journal International Journal of Scientific Research in Engineering and Management (IJSREM)

w Volume: 09 Issue: 03 | March - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

Real Time Bug Detection Using Machine Learning Algorithm

Ms. Surabhi K S 1, Ragavi M 2
1 Assistant Professor, Department of Computer Applications, Nehru college of management, Coimbatore,
Tamil Nadu, India.

2 I MCA, Department of Computer Applications, Nehru college of management, Coimbatore, Tamil Nadu,
India.

Abstract

Real-time bug detection in software systems is a
critical aspect of software quality assurance.
Traditional debugging techniques often fail to scale
with the increasing complexity of software. Machine
learning (ML) offers a promising solution for
automated and real-time bug detection. This paper
explores various machine learning algorithms used for
bug detection, their implementation in real-time
systems using Python, and the challenges faced. We
also discuss performance evaluation metrics and
future directions in the field.

1. Introduction

Software bugs can cause significant financial and
operational damage. Real-time detection of software
anomalies is crucial to prevent failures. This paper
investigates the integration of machine learning
techniques into real-time bug detection to enhance
software reliability.

2. Importance and Use of Real-Time Bug
Detection Using Machine Learning
Real-time bug detection using machine learning has

become essential in modern software development for
several reasons:

e Enhanced Software Reliability: By detecting
bugs in real time, software
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stability and reliability improve, reducing
crashes and failures.

e Reduced Debugging Time: ML models can
automate bug detection, significantly reducing
the time required for manual debugging.

e Cost Efficiency: Early bug detection prevents
expensive post-release patches and minimizes
maintenance costs.

e Improved Security: Identifying
vulnerabilities in real time helps mitigate
potential security threats before they can be
exploited.

® Scalability: ML-driven bug detection scales
with large codebases, making it ideal for
enterprise applications.

e Continuous Integration and Deployment
(CI/CD): Integration with CI/CD pipelines
ensures that code is tested for bugs
automatically, enabling faster and more
reliable software releases.

e Adaptability: ML models improve over time
as they learn from new data, making them
more effective in identifying complex software
defects.

e Reduction in Human Effort: Automating bug
detection reduces the burden on developers,
allowing them to focus on feature development
rather than debugging.
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3. Literature Review
A review of existing methods, including:

e Traditional debugging approaches: Static
analysis, dynamic analysis, and manual code
reviews.

e ML-based techniques: Supervised and
unsupervised learning models, deep learning,
and reinforcement learning.

e Existing ML-based tools: DeepCode, CodeQL,
and Facebook Infer.

4. Methodology

The methodology for implementing real-time bug
detection using machine learning consists of several
key stages:

® Data Collection:

e Collecting historical bug reports, logs,
source code versions, and execution
traces.

e Using repositories such as GitHub,
GitLab, and Bugzilla to obtain labeled
bug data.

e Employing static and dynamic analysis
tools to extract additional features from
software codebases.

e Gathering real-time system logs from
CI/CD pipelines to train adaptive
models.

5.SAMPLE PROGRAMMING

Data Preprocessing (Python
Implementation):
import pandas as pd

from sklearn.model selection import train_test split
from sklearn.preprocessing import StandardScaler

# Load dataset

data = pd.read_csv('bug_data.csv')

# Handle missing values
data.fillna(method="ffill', inplace=True)

# Encode categorical variables if any
data = pd.get dummies(data)

# Split dataset
X = data.drop('bug_label', axis=1)
y = data['bug_label']

X train, X test, y train,y test=train test split(X,y,
test_size=0.2, random_state=42)

# Standardizing data

scaler = StandardScaler()

X_train = scaler.fit_transform(X_train)
X test = scaler.transform(X _test)

® Model Selection & Training (Random
Forest, SVM, Neural Networks

from sklearn.ensemble import
RandomForestClassifier

from sklearn.svm import SVC

from sklearn.neural network import MLPClassifier

from sklearn.metrics import accuracy_score

# Train Random Forest Model

rf model =
RandomForestClassifier(n_estimators=100,
random_state=42)

rf model fit(X train, y train)

rf preds = rf model.predict(X test)
print("Random Forest
accuracy_score(y_test, rf preds))

Accuracy:",

# Train Support Vector Machine Model

svm_model = SVC(kernel="linear")
svm_model.fit(X train, y train)

svm_preds = svm_model.predict(X _test)

print("SVM  Accuracy:", accuracy score(y_test,
svm_preds))

# Train Neural Network Model

nn_model =
MLPClassifier(hidden_layer sizes=(50,50),
max_iter=500)

nn_model.fit(X_train, y train)

nn_preds = nn_model.predict(X test)
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print("Neural Network
accuracy score(y_test, nn_preds))

Accuracy:",

Deployment & Real-Time Adaptation:

e Integrating ML models into CI/CD pipelines
for continuous bug detection.

e Using online learning methods to allow models
to adapt dynamically to new bugs.

e Implementing feedback loops where detected
bugs are used to refine and update models.

e Deploying real-time monitoring dashboards to
visualize detection insights and model
performance.

6. Challenges and Limitations

e Data Quality Issues: Handling noisy and
imbalanced datasets.

e Computational Complexity: Balancing

accuracy with real-time constraints.

e Explainability of ML Models: Improving
interpretability for developers.

e Security Concerns: Addressing adversarial
attacks on ML models.

7. Future Directions

e Hybrid Approaches: Combining rule-based
and ML techniques for enhanced performance.

o Self-Adaptive Systems: Implementing

models that evolve with software
changes.
e Automated Repair Mechanisms:

Integrating ML-driven bug detection
with automated patch generation.

e Scalability Enhancements:
Researching federated learning for
distributed bug detection.

8. Conclusion

Machine learning is revolutionizing real-time
bug detection in software systems. While
challenges exist, ongoing advancements in Al
and computing power continue to enhance the
reliability and efficiency of these approaches.
Future research should focus on improving
model  interpretability,  security, and
integration with automated repair mechanisms.
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