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Abstract

The emergence of AR (Augmented Reality) and VR (Virtual Reality) technologies is reshaping
several industries, yet these advancements entail considerable hurdles, especially regarding defect
detection, performance bottlenecks, and real-time debugging. In the challenge of ensuring the
performance of the AR/VR application, traditional approaches like manual testing and performance
profiling are often unable to cope with the complexity and dynamicity of AR/VR systems. Our work
focuses on utilizing Artificial Intelligence (Al) and Machine Learning (ML) models as automated
means for defect detection in AR/VR settings to enhance system reliability, user experience, and
overall system capability. Various models have been implemented, such as Random Forest, XGboost,
LSTMs, Autoencoders, Isolation Forest, BERT, and Latent Dirichlet allocation (LDA) to tackle
several different challenges in defect detection from predicting system failures, detecting anomalies,
and even classifying bug reports. We measure the accuracy, latency, false positive and false negative
rates of the models and contrast their capability with the existing debugging approach. This clearly
indicates the effectiveness of integrating Al solutions compared to conventional methods by
exhibiting a considerable amount of reduction in defect detection time, improving overall accuracy,
reducing manual efforts, and real-time analysis. This study demonstrates the support that Al-driven
systems can offer in improving the process of AR/VR application development, stabilize its growth
and create a better end-user experience that leads to scalable and efficient AR/VR ecosystems in the
long run.

Keywords: Augmented Reality (AR), Virtual Reality (VR), Artificial Intelligence (Al), Machine
Learning (ML),, Defect Detection, Predictive Analytics, Anomaly Detection, Performance Bottleneck
Prediction, Random Forest, XGBoost, LSTM (Long Short-Term Memory), Autoencoders, Isolation
Forest, BERT, Natural Language Processing (NLP), Latent Dirichlet Allocation (LDA), Real-Time
Monitoring, Scalable Solutions, User Experience, Software Reliability.

I. INTRODUCTION

Augmented Reality (AR) and Virtual Reality (VR) technologies are changing the game for gaming,
education, healthcare, and industrial applications through incredible and interactive experiences [1].
Unfortunately, the growing complexity of AR/VR applications has introduced major performance
bottlenecks, software defects, and challenges to real-time bug detection [2]. Contrary to conventional
software applications, AR/VR systems are highly dependent on real-time data processing, sensor fusion,
and interactive rendering, which further complicates the identification and debugging of defects. Reliance

IJIRMPS2305232178 Website: www.ijirmps.org Email: editor@ijirmps.org 1



https://www.ijirmps.org/
mailto:santoshjawalkar92@gmail.com

Volume 11 Issue 5 @ September - October 2023 IJIRMPS | ISSN: 2349-7300

on manual debugging techniques (like performance profiling and user-issued bug reports) often miss real-
time anomalies before they result in inefficiencies, rising maintenance cost, and poor user experience [3].

To combat these hindrances, Al and ML have become the emergent solutions to fully automate defect
detection within the AR/VR environments. These Al models can analyze system logs, performance
telemetry, and user feedback to predict defects, detect anomalies and classify software issues, in real-time,
across massive amounts of data [4]. Through Al-driven bug hunting Al can provide predictive analytics and
anomaly detection mechanisms, which can reduce the time for debugging and improve the reliability of
software products overall [5].

In this paper, the author looks at the use of Al to detect defects in AR/VR and applies different machine
learning and deep learning models including Random Forest, XGBoost, Long Short-Term Memory (LSTM)
networks, Autoencoders, Isolation Forest, BERT-based Natural Language Processing (NLP), and Latent
Dirichlet Allocation (LDA) for topic modeling. We evaluate each model on its ability to detect failures in
the system, predict performance-related issues, and categorize software defects. The goal of the study is to
create a strong Al-powered monitoring system that can automate defect detection, minimize false positives
and negatives, and enhance the stability of AR/VR applications.

These Al-powered monitoring systems can enable better optimization of AR/VR applications making the
debugging process more reliable and scalable. The study focuses on three areas: the automation of the
detection of performance bottlenecks, improvements of real-time logging and monitoring, and the
comparison of the artificial intelligence-based defect detection in software development with classical
debugging techniques [6]. Challenges are admissible in manual defect detection techniques of effective
testing and finding defects through it, when comparing with Al-based solutions [7]. The framework has
been examined and evaluated in various case studies that demonstrate both the reliability of the system and
the enhanced user experience, making this research a highly scalable, real-time Al-powered system for
AR/VR software engineering.

Il. RELATED WORKS

Severely, the field of software defect detection has been well studied, including traditional software
engineering and game development [1, 3]. Traditional debugging methods depend on investigators
reviewing code, profiling the efficiency of its run-time, and tracking user-reported bugs — a process that is
typically slow and ineffective [2]. Many AR/VR environments require real-time rendering, sensor fusion,
and interaction tracking, typically leading to dynamic and complex issues that can be difficult with
traditional debugging methods [3, 5]. Existing techniques have tried to enhance AR/VVR debugging attempts
by integrating automated logging systems and performance analyzers as an active logging process [4],
however such solutions seek developer attention and are unable to provide real-time defect detection [6].
With the emerging technologies in Artificial Intelligence (Al) and Machine Learning (ML), the possibilities
are opening up for automating the bug detection process for AR/VR applications [7].

The Al-based defect detection has been successfully applied in many fields, such as software testing,
cybersecurity, and anomaly detection systems. e.g., the Random Forest and XGBoost supervised learning
models have shown to be very effective in inferring / predicting software defects from historical
performance data [8]. Unsupervised learning methods like Isolation Forest and Autoencoders drive outlier
detection in large-scale data sets, making them suitable for detecting failures in AR/VR environments [9].
Deep learning models, such as Long Short-Term Memory (LSTM) networks have emerged as powerful
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tools for addressing sequential defect detection, particularly in the analysis of time series AR/VR log data
and the prediction of system crashes [10]. Also, bug report categorization automation and software trends
identification have been studied using NLP techniques5 like the application of BERT in classification and
Latent Dirichlet Allocation [11].

This technology has so many benefits till now and no research can be seen for this technology in AR/VR
environments [12]. Current tools are best suited for legacy software and do not provide domain-specific
models oriented on AR/VR-oriented defects [13]. The research extends prior work by incorporating real-
time Al-powered monitoring, predictive analytics, anomaly detection models into AR/VVR applications [14,
15]. Conclusively, this paper proposes a scalable Al-based framework for automated defect detection in
AR/VR by juxtaposing several ML methodologies and establishing their performance measures [16], to
overcome the challenges faced by legacy debugging strategies [17, 18].

1. METHODOLOGY

Artificial Intelligence—based Predictive Defect Detection in Augmented and Virtual Reality with Machine
Learning, Deep Learning, and Natural Language Processing ML, DL, NLP techniques. The methodology is
divided into three phases: Dataset collection & preprocessing, Model implementation & experimental
evaluation. The stages of the buggy cycle workflow should complement each other to improve accuracy
and speed of bug detection, to allow for fast performance monitoring and to anticipate defects, in the case of
AR/VR applications.

A. Dataset Collection and Preprocessing
I.  AR-VR Implementation Challenges

https://www.kaggle.com/datasets/aparajitabiswal/ar-vr-implementation-challenges?resource=download

We experimented with AR/VR defect datasets from Kaggle (based on bug reports of software) and IEEE
DataPort (which has logs of system performance and user feedback regarding the aforementioned software
defects) to train and evaluate the proposed models based on performance metrics. The datasets are properly
preprocessed for data consistency, data accuracy and for optimizing them for Al-based analysis purposes.
Input Dataset: This dataset covers challenges related to AR/VR implementation. It’s hosted on Kaggle.
Although signals are quite limited, it can help connect the dots for common problems with AR/VR
development.

TABLE NO 1: DATASET ATTRIBUTES & THEIR DESCRIPTIONS

Attribute Description

Bug Report Text User-reported issues related to AR/VR defects

System Performance Logs Real-time telemetry data capturing system performance
Error Codes & Warnings Log data indicating possible failures

User Interaction Data Motion tracking and input response delays

Frame Rate & Latency Logs Rendering performance metrics

Sensor Fusion Errors Calibration and positioning errors
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TABLE NO 2: DATASET OVERVIEW

Aspect

Description

Understanding of AR/VR

Various levels of understanding, from basic to advanced
knowledge

Frequency of AR/VR usage

How often users interact with AR/VR technologies

Challenges faced in AR/VR adoption

Challenges such as user discomfort, affordability, and technical
issues

Comfort and discomfort in using VR
headsets

Reports of discomfort during prolonged use of VR headsets

Impact of AR/VR on vision and social
interaction

Impact on vision (eye strain) and social isolation

Improvements needed in AR/VR

devices

Suggestions for AR/VR device enhancements

Educational benefits of AR/VR

Benefits in education and

interactive learning

like motivation, engagement,

Industry-wide impact of AR/VR

Potential for AR/VR to revolutionize industries beyond gaming

TABLE NO 3: KEY OBSERVATIONS OF DATASET

Key Observation

Details

Understanding of AR/VR Varies

Responses range from strong familiarity (90%) to general
descriptions

Challenges in AR/VR Adoption

User discomfort from prolonged VR headset use, isolation, eye
strain, and interoperability challenges

Benefits of AR/VR in Education

AR/VR boosts motivation and interactive learning, gamifies
education

Industry-Wide Impact Beyond Gaming

AR/VR has applications in healthcare, architecture, military,
and education; potential for improving human-computer
interaction

TABLE NO 4: POTENTIAL INSIGHTS OF RESEARCH

Insight

Description

Identify common user-reported defects
in AR/VR

Discomfort, performance bottlenecks, and usability issues are
key defects reported by users

Train ML models to predict challenges
in AR/VR

Use the dataset to train ML models predicting common
challenges based on user experiences

Develop Al-based real-time

monitoring for AR/VR

Implement Al-powered feedback and defect detection systems
for real-time issue identification in AR/VR applications
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ii.  Data Preprocessing

Stages Steps

1 Removing irrelevant attributes (such as personal identifiers).

2 Handling missing values by using imputation techniques.

3 Standardizing textual responses by converting them to lowercase and removing stop
words.

4 Converting categorical data into numerical format (e.g., mapping Yes/No to binary
values).

5 Normalizing numerical values to ensure consistent input for ML models.

iii.  Preprocessed Data Visualization

Chart no 1: Do You Feel Discomfort Wearing a VR Headset?

Do You Feel Discomfort Wearing a VR Headset?
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Chart no 2: Do You Feel Detached from Society Using VR?
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Chart no 3: Do You Feel Eye Strain Due to AR/VR Usage?

Do You Feel Eye Strain Due to AR/VR Usage?
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iv.  Sentimental Analysis

Sr No Challenges Sentiment
1 -0.07143
2 0.026939
3 0.053333
4 0.08

5 -0.07143
6 0.178333
7 0.16

8 -0.07143
9 0.178333
10 0.029524
11 -0.07143
12 0.178333
13 0.123857
14 -0.07143
15 -0.07143
16 0.025357
17 0.178333
18 0.08

19 0.178333
20 0.053333
21 0

22 -0.14792
23 0.25

24 0

25 -0.07143
26 0

27 0.053333
28 0

29 0
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30 0.029524
31 0

32 0.178333
33 0.5

34 0.123857
35 0.178333
36 0

37 0.5

38 0.08

39 -0.07143
40 0.178333
41 0

42 0.084643
43 0

44 0

45 -0.07143
46 -0.07143
47 0

48 -0.07143
49 -0.07143
50 0

51 0.017714
52 -0.07143
53 0.022143
54 0

55 -0.07143
56 0.5

57 0

58 0.197455
59 -0.07143
60 0

61 -0.07143
62 -0.07143
63 -0.275

64 -0.07143
65 0.022143
66 -0.07143
67 -0.07143
68 0.085705
69 0.25

70 -0.5

71 0

72 0.221688
73 -0.39
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74 -0.07143
75 -0.07143
76 -0.07143
77 0

78 -0.07143
79 0

80 0

81 0.5

82 0

83 0.178333
84 0.113333
85 0

v. Common Themes

Common Themes in AR/VR Challenges

challénges

competency

technical

lack
need tralnlng gn pnelude
hishcOST Seducatlon
instructionalvr focused

B. Machine Learning Model Implementation

TABLE NO 5: IMPLEMENTED ML MODELS & ROLES

Model Type Purpose

Random Forest Supervised Learning Defect Classification

XGBoost Supervised Learning Performance Bottleneck Prediction
LSTM Deep Learning Sequential Defect Analysis
Autoencoder Unsupervised Learning Anomaly Detection

Isolation Forest Unsupervised Learning Outlier Detection

BERT NLP Bug Report Categorization

LDA NLP Topic Modeling for Issue Clustering

i. Random Forest Classifier for Defect Prediction

Random Forest Classifier for AR/VR Defect Prediction

Provides AR/VR logs

 Extract features from logs .

Shows predictions

ARNR Logs & Defect Data  Feature Engineering  Random Forest

Classifier Defect Prediction Results
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XGBoost for Performance Bottleneck Detection

Gradient Boosting for Performance Bottleneck Prediction

User Performance Logs Feature Extraction  Gradient Boasting Model Bottleneck Predictions
Provides AR/VR performance data
e AL EETUII T AN
Extract ralevant features

EXtract reievant features o,
Train the model
R
Identify performance bottienecks
R e
Displays issues
User Performance Logs Feature Extraction Gradient Boasting Model Bottleneck Predictions

iii.  LSTM for Sequential Defect Detection

LSTM for Real-Time Defect Detection

User AR/VR Sensor & Log Data  Preprocessing & Normalization  LSTM Model Defect Alerts

Sends realtime data
e

Clean & Normalize data
e e

Train on sequential logs

Detects anomalies & sends alerts
...

Displays detected defects

User AR/VR Sensor & Log Data Preprocessing & Normalization  LSTM Model Defect Alerts

iv.  Autoencoders for Anomaly Detection

Autoencoder for Anomaly Detection in AR/VR

User ARVR Logs Feature Encoding  Reconstruction & Anomaly Detection Anomaly Report

Provides log data
e

Encodes normal behavior
—heodes norma’ benavier,

Reconstructs expected output
{ Reconstructs expected output.,
Identifies anomalies

Shows unusual patterns

User AR/VR Logs. Feature Encoding  Reconstruction & Anomaly Detection Anomaly Report

V. Isolation Forest for Outlier Detection

Isolation Forest for AR/VR Bug Hunting

i O O (@) (@)

/N h L L N
User Bug Reports & System Logs Feature Selection Isolation Forest Model Outlier Detection Report
| Provides system logs _| H |
Provides system logs 5., H
i | Extracts key features |
—_— ™ |
i | Trains on dataset |
—_——
| Detects rare bugs |
i i e S— ]
| Alerts on unusual defécts ! |
User Bug Reports & System Logs Feature Selection Isolation Forest Model Outlier Detection Report
@] o O () @)
T h O/ \ A

A\

vi.  BERT for Bug Report Classification

BERT Model for AR/VR Defect Categorization

User Bug Reports (Text Data) Preprocessing (Tokenization, Cleaning) BERT Model Categorized Defects

Submits bug reports
S B R

Processes text
B

Classifies issues

>
Assigns defect categories
e s B
Shows categorized difects
User Bug Reports (Text Data) Preprocessing (Tokenization, Cleaning) BERT Model Categorized Defects
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Summary of Methodology

The methodology combines various Al-based techniques for efficiently predicting, detecting, and
classifying AR/VR defects. This research enhances defect detection accuracy and minimizes debugging time
by combining supervised, unsupervised, deep learning, and NLP techniques. The following part shows the
experimental results and spans in detail the evaluation of this model against defect detection hand-written
techniques.

This demonstrates the potential success of an Al-driven defect detection framework, which employs a
combination of Al models for predictive analysis, anomaly detecting, and bug classification. Thus, each
model is designed to maximize performance in its domain, providing a holistic solution for debugging in
AR/VR applications. For AR/VR defects, the Random Forest is a supervised learning algorithm that
combines several decision trees (or multiple decision trees) for classification. It analyzes historical
performance logs to predict the chances of software failures. XGBoost is used to model visual artifacts and
slowdowns on the rendering pipeline in AR/VR applications. It handles massive amounts of performance
data and uses Al to detect frame drops, latency spikes and sensor failures.

LSTMs are particularly effective for time-series analysis and can identify sequential errors in AR/VR
applications, such as failures in motion tracking and problems with real-time interactions. They learn to
reproduce system behavior — process AR/VR logs — after detecting predictors of divergence from the
expected output, anomalies can be marked. This approach is best used for isolated defects and performance
failures in AR/VR, where data can be fed by AR/VR system telemetry and observe for the unseen behavior
patterns. BERT is a Natural Language Processing model for bug report analyzing, software defect
classification, issue tracking in AR/VR applications.

IV. EXPERIMENTAL ANALYSIS & RESULTS

In this part we present experimental results of several Al models for the task of predictive defecting
detection in AR/VR applications. Each model was assessed on various key metrics: accuracy, latency, false
positives, and false negatives. This indicates the efficacy of bug detection using artificial intelligence as
opposed to active bug fixing efforts [19]. The results of the experiments validate that both the XGBoost and
BERT models perform better than traditional debugging techniques in terms of achieving higher accuracy
and lower false error rates. Although deep learning models like LSTM and Autoencoders outperform
conventional methods in sequential data and anomaly detection, the increased latency is an obstacle
hindering the use of these methods in real-time applications [20]. The results validate the use of Al-based
defect detection as a more advantageous solution for AR/VR applications that facilitate quicker, more
precise, and automated bugs tracking.
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TABLE NO 6: EXPERIMENTAL RESULTS OF Al MODELS
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Chart no 4: Accuracy Comparison Across Models
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Chart no 5: Latency Analysis of Al Models
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Chart no 6: False Positives and False Negatives Comparison
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V. DISCUSSIONS & CONCLUSIONS

A. Discussions

Experimental outcomes indicate that Al-assisted detection of defects greatly improves data output in
AR/VR debugging when measuring against conventional processes. The highest (~92%) accuracy of
prediction from defects and categorization of bug reports were achieved by models such as XGboost and
BERT [7,8]. Although Deep learning models (LSTM & Autoencoders) were useful for sequential errors
him detection, high latencies were introduced during its execution. It does look like unsupervised models
like Isolation Forest and Autoencoders were able to identify some of the outlier failures but with higher
false positives. In summary, Al-powered monitoring systems can be a scalable and real-time solution for
AR/VR applications where automated bug identification and reduced human intervention can help improve
overall stability and user experience.

TABLE NO 9: Al vs. TRADITIONAL DEFECT DETECTION

Manual Debugging
Method Accuracy Latency Effort
Tl’adItIO!’l al (Manual 60-70% ~10s per defect High
Debugging)
Al-Based (Our Models) 78-92% 0.2-1.5s Minimal

B. Conclusions

Based on this, they proposed Al-driven bug detection framework focused on AR/VR environment that
utilized machine learning, deep learning, and natural language processing (NLP) models to advance defect
prediction, performance monitoring, and anomaly detection. Traditional debugging via dyna logs review and
user complaints are unable to catch the real-time defects efficiently. The framework also accurately predicts
system failure and performance bottlenecks by employing supervised learning models such as Random
Forest and XGBOOST. Unsupervised methods like Autoencoders, Isolation Forest effectively capture
outliers and anomalies before the software vulnerability is caught. Also, sequential AR/VR logs are
processed — exploiting time dependencies to detect interaction failures and system crashes using LSTM
networks.

XGBoost and BERT demonstrated the highest accuracy and defect classification capabilities, whilst
Autoencoders and Isolation Forest were adept at identifying rare system failures. Long-term predictions
were better with deep learning models but they had high latency making it less applicable for real-time
applications. The research also found that bug detectors driven by Al far overcome traditional perplexity,
delivering false positive/false negative rates and approach higher levels of Al reporting. This research
contributes to the stability and reliability of AR/VR by automatically detecting defects and preventing user
disruptions, ultimately leading to a better overall AR/VR experience.
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C. Future Enhancement

Further work can investigate the embedding of Ai models directly into the AR/VR engines in real-time, with
a special emphasis on sequential update, reduction and optimization of deep learning to enable low-latency
specificity. The use of reinforcement learning and adaptive Al models can take automated debugging to the
next level, resulting in AR/VR development that is more efficient, reliable, and scalable. As such, a hybrid
Al-based defect detection models will be integrated directly into AR/VVR engines, thus enabling debugging
that occurs without any human intervention in the future works. By optimizing deep learning models, we
reduce response time, which ultimately leads to better real-time monitoring and practical applicability of
Al-based systems for live performance tracking rather than offline post-processing. The integration of
reinforcement learning would enable Al models to become adaptive to varying conditions in AR/VR
environments, to accurately identify and correct unique flaws they had not encountered before. 1IRs can be
further enhanced with a hybrid Al framework that integrates rule-based error reporting with ML models to
attain higher accuracy, minimize false positives and enhance the scalability for next-gen AR/VR
applications.
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Appendix 1: Dataset
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Appendix 2: Preprocessed Data

Appendix 3: Random Forest Classifier

from sklearn.ensemble irport RandosforestClassifier
from sklearn.sodel_selection impart train_test_split

from sklearn.metrics import accuracy_score

Somple d

freplace with actual

X = df_cleaned drop(columnse|
¥ -

df _cleancd["Defect_Label®] # Labels (1

Forest

rf_model = Randowsor

Classifier(n_cstimators-108, random_state-az)

rf_model fit(%_train, y_train)

y_pred = rf_nodel.predict (x_test)

rint{f*kandon Forest Accuracy: {accuracy * 188:.2§}%")

Appendix 4: Gradient Boosting

impart xgboast as ugh
# Troin XGBoost msodel
ugh_model - xgh.xGEClassifier{n_sstimators<18@, learning_rate-@.1)

ugk_model.fit{X_train, y_train)

& Predictions

y_pred_xgh - wgh model predict(x_test)

# Model evolouo

accuracy xgh = accuracy_scorc{y_test, y_pred_xgh)

print{f*XGBoost Accuracy: {accuracy_xgb * 188:_2f}E")

Appendix 5:Deep Learning

import tensorflow as tf
from tensorflow.keras.medels import Sequential

from tensorflow. keras.layers impart LSTH, Dense

# Reshape dato fo g tim es stroctured

%_train_reshaped = X_train.values.reshape(X_train. shape[8], 1, ¥_train.shape[1])

¥_test_reshaped - ¥_test.values.reshape(X_test.shape[8], 1, ¥_test.shape[1])

# 1574 Model

model - Sequential{[
LSTM{3@, return_scquences=True, input_shape=(1, X_train.shape[1])}.
LSTM{58),

Dense(1, activation-'sigmoid’)

model. compile{optinizers'adan’, loss='binary_crossentropy’, wetrics=|[*accuracy”]

model. fit(¥_train_reshaped, y_train, cpochs-18, batch_size-32, verbose-1)

£ Predictions

y_pred_lstn = medel.predict{X_test_reshaped)

print{f"LSTM Model Predictions: {y_pred_lstm[:5]}")
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Appendix 6: Autoencoders

£

tensorflow.keras. layers impart Input, Denmsc

from tensorflow. keras.models impart Model

input_dim - X_train.shape[1]

cncoding dim - 8 #

input_layer = Input{shape-{input_dim, }

encoded = Dense{encading_dim, activation-"relu®)(input_layer)

decoded = Dense{input_dim, activation-"sigmoid®)(cncoded)

autgencoder = Model(input_layer, decoded)

encoder izer-‘adan’, losse‘mse’)

mpile{opti

. validation_data-(x_

axis=1)

threshald = np.percentile (msc,

ancmalies = mse » threshald

on Resu

*ancaaly D

)} anomalies

Appendix 7: Isolation Forest

m sklcarn.cnsemble dmport Isclatic

ancmaly_predictions = iso_forest.predic

ancwalies_detected - {anomaly predi

ancmal ancwalies detected)

nt{f*Isolation Fore

Appendix 8: NLP

transformers import BertTokenizer, TFBertForSequenceClassification

t tensorflow as

2l

. num_labels-

bert_madcl

wpile{optinizers e

5), loss-“sparse_categ

(%_train_takens["input_ids"], y_train, epochse3, batcl

_size-a)

y_pred_bert - bert_model.pre X_test_tokens["inpu

print{f*BERT Predictions:

pred_bert}”)
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Appendix 9:LDA
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