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Abstract — Mobile Edge Computing (MEC) frameworks improve real-time data processing and system scalability by
making networked game AI NPCs more responsive and flexible. MEC-based frameworks are tested for latency reduction
and NPC real-time performance in complex and dynamic environments. Simulated and real-life user experiments evaluated
the proposed system's response times, accuracy, and latency. Python simulations of network settings with different NPC
concentrations and complexity produced massive datasets. NPC behaviour feedback was collected from 100 diverse users
of various ages, genders, gaming experiences, and preferences. In low- to medium-density scenarios, the edge computing
framework improved NPC responsiveness with low latency and high accuracy, enhancing player immersion. Due to the
environment's complexity and NPC density, response times increased and accuracy decreased, requiring further
optimisation for harsher conditions. Despite bugs and repetitive behaviours that suggested the Likert scale could be
improved; the qualitative results praised the NPCs' lively conversation and realistic movements. Edge computing improves
game Al and NPC realism with adaptive responses and real-time data processing. Scaling NPC densities and integrating
edge computing with game architectures require more research. Next, improve NPC Al algorithms, reduce computational
complexity and scalability, and expand testing environment game scenarios. Edge computing and Al techniques like deep
learning and natural language processing can create immersive and engaging gaming experiences. This may present new
gaming industry challenges and opportunities for innovation. Edge computing's real-time data processing and adaptive
responses may change video game non-player characters.

Keywords — Edge Computing, Non-Player Characters (NPCS), Real-Time Data Processing, Machine Learning (ML),
Reinforcement Learning (RL).

I. INTRODUCTION

As linked devices expand, and real-time applications develop more intricate, modern communication networks demand
quick, scalable data processing. Traditional centralized computing solutions that transport data to cloud servers for
processing fail to fulfil autonomous car, augmented reality (AR), and the Internet of Things (IoT) low-latency needs [1],
[2]. [3] stated that decentralized technologies like Mobile Edge Computing (MEC), which brings computational power
closer to the data source and enables real-time data processing at the network's edge, are becoming increasingly popular
due to centralized processing's constraints, especially in millisecond-sensitive circumstances [3]. Mobile Edge Computing
improves network and communication technology by reducing cloud computing latency and bandwidth [3]. Local data
processing reduces transport and centralized model delays in MEC. MEC are vital to 5G and future communication
infrastructures since this decentralized method optimizes bandwidth consumption by minimizing the need to carry massive
amounts of data to far data centers and enhancing network responsiveness [4].

MEC must adapt to complicated digital communication networks with different and data-intensive applications [5].
Using several edge nodes to share computational chores boosts data flow and resource efficiency, making network
topologies more scalable and resilient. Smart cities and industrial IoT applications require flexibility because sensors,
devices, and other endpoints create large amounts of time-sensitive and location-specific data [5]. Advance Al algorithms
increase MEC's network-edge real-time decision-making and adaptive data processing. MEC allows edge devices alter
processing algorithms depending on real-time interactions using ML and RL [5]. Intelligent edge data processing can
improve network operations by making choices locally, decreasing the need for central data centers, and enabling faster,
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context-aware responses in essential applications like smart city traffic control and industrial automation real-time analytics
[5].

The integration of MEC into communication networks to increase efficiency, scalability, and adaptation in dynamic
situations remains understudied. MEC's technical implementation has been carefully investigated, but few have examined
the bigger implications of merging MEC with Al for networked real-time data processing [5]. How MEC could boost
network performance in autonomous systems or mission-critical IoT applications with low latency and high reliability
highlights this gap. Decentralized data processing and computational capability near the network's edge can boost
communication networks' efficiency and responsiveness utilizing Mobile Edge Computing [5]. Al technologies like
Machine Learning and Reinforcement Learning can increase MEC framework intelligence and adaptability. This paper
fills the literature vacuum by explaining how MEC and Al may develop more intelligent, adaptive, and robust
communication networks for complex and interrelated digital environments.

According to this study, Mobile Edge Computing and Al may change communication network data processing and
administration. MEC can improve network operations by processing real-time data at the network edge without
centralisation, according to this study [5]. This study also analyses how dynamic, context-aware responses from Al-driven
MEC systems can improve network adaptability in high-demand, real-time situations. This study demonstrated that robust
cloud-based network designs are limited by centralised data processing latency and bandwidth. These constraints may slow
communication network data processing and decision-making, hurting real-time, dependable applications. Mobile Edge
Computing localises data processing to reduce latency and increase network responsiveness. Modern communication
networks need local data processing and fast reaction, hence decentralised computing is necessary [6], [7].

This study discovered a large research gap due to rapid network technology development and complex real-time data
processing applications. Mobility Edge Computing improves network performance without Al. This study analyses how
Al-driven edge decision-making could improve MEC network efficiency, scalability, and agility. Mobile Edge
Computing's technologies and applications in communication networks are discussed in this article. This study uses real-
time data processing and advanced Al to evaluate how MEC could increase network efficiency, responsiveness, and
adaptability [8]. To enable network engineers and Al researchers employ MEC, the study will reveal its primary
shortcomings. Mobile Edge Computing for real-time data processing solves a crucial network and communication
technology need by improving network performance and adaptability. This paper fills the research vacuum by
demonstrating how MEC integration with advanced Al can increase communication network efficiency, scalability, and
reliability. This research will impact network architecture, Al, and edge computing, enabling intelligent system
development for many applications.

II. LITERATURE REVIEW

Real-Time Data Processing Challenges

Since digital networks were invented, researchers and practitioners have fretted about processing massive amounts of data
in real time, especially as applications get more complicated and linked devices generate more data [7], [9]. Video game
NPCs, which interact with players and inhabit virtual environments, demonstrate this challenge. NPCs from role-playing
games help build dynamic, immersive settings in various game genres. Actual NPCs must be alive and have complicated
responses to the game environment and players. Al challenges include creating human-like NPCs to improve user
interaction and immersion in networked systems, including gaming[10]. NPC conduct and in-game reactions are usually
scripted and decision treed. Basic static games work well with this method, but dynamic games and real-time networked
applications do not. Stiff NPCs in open-world games fail to react to unexpected situations, reducing immersion. Pre-
programmed solutions cannot process and decide on data in real time for smart cities and autonomous vehicles in networked
systems [11].

Mobile Edge Computing

By processing data at the network edge, Mobile Edge Computing (MEC) may reduce latency and bandwidth.
Decentralizing data processing enhances cross-domain application responsiveness and latency. This decentralized strategy
favors gaming, where quick and accurate NPC answers are essential for immersion, and real-time networked systems like
smart cities, where edge computing manages traffic and energy locally. MEC reduces latency and pressure on centralised
cloud servers via edge processing, boosting bandwidth efficiency and network performance. Reinforcement and Machine
Learning improves Mobile Edge Computing's real-time processing [12]. Edge devices with advanced Al can analyse and
respond to data in real time, helping NPCs and other autonomous systems adapt swiftly. Al and MEC are more adaptable
than centralised systems. Smart city Al systems dynamically manage resources, enhance service delivery, and improve
infrastructure efficiency using edge data processing. This integration lets NPCs react more naturally to player actions and
ambient changes in real time, making gaming more immersive and exciting [13]-[15].

Challenges of Implementing Al and MEC

Mobile Edge Computing with advanced Al is technologically challenging. Smart algorithms and powerful edge devices
must do sophisticated computations locally to generate adaptable NPCs and other Al-driven systems. Training ML and RL
models with multiple edge nodes requires balancing computing efficiency, data availability, and system latency. MEC

754



ISSN: 2788-7669 Journal of Machine and Computing 5(2)(2025)

eliminates central servers, but it makes distributed systems harder to maintain consistency and coherence, especially in
large-scale, multi-user scenarios where data synchronization and coordination are crucial. Mobile Edge Computing can
make Al-driven systems more intelligent, flexible, and immersive across networked areas, according to recent research.
Edge-based Al systems make NPCs more responsive and flexible, making games more fun. Smart city real-time traffic
control and energy distribution data processing is optimized by MEC, saving time and money. These developments show
that MEC and Al can improve system responsiveness, context awareness, and real-time [16]-[18].

While Al and Mobile Edge Computing have enhanced NPC behaviour in games and other networked systems, more
study is needed to optimise their potential. Modern, real-time systems need adaptability and reactivity, making scheduled
operations and decision trees inappropriate. MEC, ML, and RL can help researchers and developers create smarter, more
immersive user experiences by reacting faster to environmental changes and learning and growing. This goal faces technical
obstacles from decentralised processing, data management, and system integration. Finally, real-time Mobile Edge
Computing data processing may improve network NPC and autonomous system behaviour. MEC makes modern apps more
intelligent, adaptable, and immersive by decentralising data processing and using strong Al algorithms. Decentralised Al
processing revolutionises networked system design and management, enabling games, smart cities, and industrial
automation [4], [19]. Moreover, Al gives Edge Computing the tools and techniques it needs. Generally speaking, Edge
Computing is a distributed computing paradigm in which software-defined networks are designed to decentralise data and
offer resilient, elastic services. Resource allocation issues for Edge Computing arise at several levels, including CPU cycle
frequency, access jurisdiction, radio frequency, bandwidth, and others. It therefore places a high demand on a variety of
potent optimisation methods to improve system performance. Al systems are competent to complete this task. In essence,
artificial intelligence (AI) models take unconstrained optimisation problems from real-world situations and use stochastic
gradient descent (SGD) techniques to iteratively identify the asymptotically best solutions. Deep learning techniques or
statistical learning techniques can provide support and guidance for the edge. Furthermore, the field of reinforcement
learning encompasses deep Q-network (DQN), multiarmed bandit theory, and multi-agent learning—is becoming more
and more significant in solving resource allocation issues for the edge.

III. RESEARCH METHODOLOGY

Mobile Edge Computing (MEC) components for real-time data processing improve networked system responsiveness,
latency, and user engagement. MEC evaluates real-time user interactions and environmental changes at the network edge
of communication networks, minimising data transfer to central servers and speeding reaction times. MEC reduces network
infrastructure data processing latency by strategically deploying edge devices. These edge devices make critical decisions
quickly using sensors (integrated in networked settings to record real-time data) and Al algorithms (deployed at the edge
to process data and inform system behaviour). An entire sensor-edge-device communication channel data flowchart is
needed to comprehend this process. Real-time data collection, processing, and use flowcharts show how edge-based
computing improves data-driven decision-making and action execution across networked systems. MEC is straightforward
to integrate into many communication contexts, where edge computing's fast processing and reactivity increase network
stability and adaptability [14], [17], [20], [21].

Dynamic NPCs need real-time sensors. Gaming sensors record player movements, gestures, commands, lighting,
obstacles, and more. Environment sensors, cameras, microphones, and motion detectors gather data. After collecting,
MQTT or HTTP/2 securely sends data to edge devices to reduce latency and increase throughput. Strong Al algorithms
create real-time NPC behaviour at the edge. The algorithms adapt to scenarios and player actions using machine and
reinforcement learning. [8] recommend edge computing for real-time NPC behaviour adaptation because it has lower data
processing latency than cloud-based solutions. Hardware and software selection is needed for framework implementation.
Complex Al computations are possible on edge devices with powerful processors, memory, and storage. NVIDIA Jetson
AGX Xavier and Intel NUC are useful edge devices due to their small size and powerful processing. Sensor selection
depends on accuracy, response time, and edge device compatibility. MQTT is ideal for secure data transfer because it can
handle high-throughput data streams. Over several gameplay stages, a large dataset is evaluated. User studies include 100
gamers of various tastes and skill levels. Player sensor data, actions, and environmental changes total 500 MB per session.
After four weeks, the 2 TB dataset was ready for analysis.

Data analysis assesses edge-based NPC behaviour. NPC responsiveness, player satisfaction, and system latency are
examined. The large dataset allows statistical analysis and trend identification. NPC accuracy and millisecond response
times are calculated by comparing expected and actual behaviour. Questionnaires and interviews measure and evaluate
player satisfaction.

NPC Decisions and Behaviour

Dynamic dialogue and reactive Al help NPCs decide. Reactive NPCs that react instantly to player movements and
environmental changes make gaming fluid and immersive. Player actions trigger NPC responses quickly and contextually.
NPCs can use contextually relevant and varied responses with dynamic dialogue generation, making interactions more
interesting and unpredictable. Game-context-adaptive dialogue from NLP enhances player immersion. Simulation-based
testing and user studies assess these methods for player satisfaction and system performance [8].
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Security Issues and Solutions

Player trust and data security require edge processing security. Security includes encryption, data transmission protocols,
and access control. At rest and in transit, data is encrypted to prevent unauthorized access. Interception and tampering are
prevented by TLS. GDPR-compliant access control restricts sensitive data to authorized users and systems[8]. Player data
and game integrity depend on these strategies.

Scalability and Performance

The approach's scalability for large game environments with many NPCs is examined by identifying performance
bottlenecks and proposing expansion plans. Scalability issues include managing more NPCs and complex game
interactions. Distributed processing and load balancing optimize data management for many NPCs. Edge devices share
computational load to avoid bottlenecks. Distribution parallelizes data, improving performance and scalability [8]. This
keeps systems responsive and efficient as games get bigger and more complex.

Proposed Approach

User studies and simulations examine how edge computing affects game Al real-time NPC behaviour. This holistic
approach evaluates system capabilities and limitations using technical performance and user experience. In various
scenarios, NPC behaviour model simulations evaluate system performance. We simulate dynamic, complex game settings
that challenge NPC behaviour. Controlling environment complexity, NPC density, and interaction frequency. Controlled
tests assess edge-based systems. Before using Al algorithms in live gaming, [22] recommend simulation-based evaluations
to identify and optimize performance bottlenecks. Reliable response times, NPC action accuracy, and system latency come
from iterative tests. Simulations and user studies evaluate edge-based NPC behaviour system player immersion and
engagement. The user study uses a diverse sample of gamers with different preferences and experience levels to ensure
generalizability. [22] recommend diverse participant selection in gaming research to capture diverse user experiences.
Interviews, pre- and post-study surveys, and in-game observations collect data. Surveys indicate NPC realism and
engagement, while interviews and observations reveal experiences. Mixing methods shows how new technology affects
user experience[9].

Consider the benefits of combining quantitative and qualitative data to justify methods. Statistics finds patterns in
quantitative data like player ratings. Coded and thematically analysed qualitative interview and open-ended survey data
reveals player perceptions. According to [18], combining quantitative and qualitative data helps understand how new
technologies affect user experience by capturing details quantitative methods may miss. Detailed literature reviews select
NPC behaviour algorithms and models. Machine learning and reinforcement learning are being studied to improve NPC
behaviour. In dynamic environments, reinforcement learning makes NPCs adaptive and responsive, according to [23].
Simulate these methods to find the best for real-time edge-based processing. Considering edge computing and game Al
architecture and technical requirements. Edge computing processes data in real time with low latency and bandwidth,
enabling complex game NPC responsiveness. Data transmission protocols and sensor types are chosen for feasibility and
efficacy.

We analyse performance bottlenecks and propose expansion plans to assess system scalability. Assess its ability to
handle more NPCs and complex game interactions. Data management is optimised by load balancing and distributed
processing for many NPCs. [24]'s edge computing system scaling challenges and solutions in various applications
emphasise scalability. Security for edge-processed player data is advised. Player data is encrypted, transmitted securely,
and restricted to comply with data protection laws.[25] say edge computing environments need strong security to build
trust and prevent data breaches. Simulation-based testing, user studies, scalability, and security concerns test the edge
computing framework for NPC behaviour. Following [26] game Al research best practices, this dual approach highlights
the system's technical capabilities and performance metrics and provides crucial player experience insights. Tehnical
descriptions, rigorous testing, and user experience support edge-based NPC behaviour system evaluation.

Software and Analysis Tools

Software and analysis ensured data accuracy and completeness. Data analysis, organisation, visualisation, and numerical
manipulation used Python, pandas, matplotlib, and numpy. In various scenarios, these tools produced clear, detailed NPC
behaviour system performance metrics graphs and charts. Test reinforcement learning and machine learning Al with
TensorFlow and PyTorch. These frameworks let researchers train and test Al models in reliable environments to compare
methods. The tools accurately analysed and interpreted user study and simulation data. Numerous simulations and user
studies evaluated the NPC behaviour system's real-time performance and player experience. Custom Python environments
simulated game scenarios with different NPC densities and environmental complexity. We measured response times,
accuracy, and system latency using large simulation datasets. The user studies collected quantitative and qualitative player
satisfaction and engagement data from pre- and post-study surveys and in-game observations.
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IV. RESULTS AND DISCUSSION

This Table 1 shows study participants' age, gender, gaming experience, and preferences. It classifies participants and
percentages. Participant demographics are shown in the sample selection table to assess representativeness and diversity.
The participants are 18-24, 25-34, 35-44, and 45+. The largest sample group is 25-34 (35%), followed by 18-24 (25%),
35-44, and 45+ (20%). Balanced ages ensure diverse perspectives. Gender distribution: 60% male, 35% female, 5% non-
binary/other. The study is inclusive because it has a large male majority, typical of gaming demographics, but also a large
female and non-binary/other gaming representation. 1-3, 3-5, or more years of gaming experience are acceptable. 40%
have 3-5 years of gaming experience, 30% 1-3, and 20% over 5. 10% have less than a year of experience. The study applies
to all skill levels because gamers range from beginners to experts. Finally, the table lists Action/Adventure, RPG, FPS,
Strategy/Simulation, and Sports/Racing preferences. Popular genres include Action/Adventure (30%), RPG (25%), FPS
(20%), Strategy/Simulation (15%), and Sports/Racing (10%). This variety of gaming preferences ensures that the study
captures a wide range of player experiences and interests, revealing how different gamers interact with NPCs.

Table 1. Player Demographics and Sample Selection

Demographic Factor  Category Number of Percentage
Participants (%)
Age 18-24 25 25%
25-34 35 35%
35-44 20 20%
45 and above 20 20%
Gender Male 60 60%
Female 35 35%
Non-binary/Other 5 5%
Gaming Experience Less than 1 year 10 10%
1-3 years 30 30%
3-5 years 40 40%
More than 5 years 20 20%
Gaming Preferences Action/Adventure 30 30%
Role-Playing Games 25 25%
(RPG)
First-Person Shooters 20 20%
(FPS)
Strategy/Simulation 15 15%
Sports/Racing 10 10%

Table 2 shows player NPC realism and engagement Likert scale ratings. The table shows average ratings and standard
deviations for each feedback aspect to understand player opinions' central tendencies and variability. Feedback on
participant observations and NPC behaviour is qualitative. These quantitative and qualitative metrics show player opinions.
At 4.2 and 0.8 standard deviation, most players rated NPC realism somewhat to very realistic. Player feedback praised the
NPCs' lifelike movements and reactions, improving gameplay. Players suggested fixing realism-detracting glitches. NPC
interactions were fun, but opinions were subjective. Average rating is 4.0, standard deviation 0.9. The qualitative feedback
showed that dynamic dialogues and responsive interactions added depth and interest. Many participants reported repetitive
NPC behaviours, suggesting complex interaction patterns. The highest feedback rating for responsiveness, another
important NPC behaviour trait, was 4.5 with 0.7 standard deviation. Fast and accurate NPC responses enhanced immersion
for most players. Quick and contextual NPC responses were praised. Edge-based computing provides real-time data
processing and responsive NPCs, as shown by the high rating and positive feedback. Players gave NPCs a 4.1 average
rating and 0.8 standard deviation for adaptability to their actions and environment. NPCs responded well to player actions
and environmental dynamics, according to qualitative feedback.
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Table 2. Player Feedback on NPC Realism and Engagement

Feedback Likert Scale Rating Average Standard Key Themes from
Aspect (1-5) Rating Deviation Qualitative Feedback
NPC Realism 1 - Very Unrealistic 4.2 0.8 NPCs exhibit lifelike
movements and reactions
2 - Somewhat Some occasional glitches
Unrealistic observed
3 - Neutral
4 - Somewhat
Realistic

5 - Very Realistic

NPC 1 - Very Unengaging 4.0 0.9 NPC interactions are
Engagement immersive and add depth to
gameplay
2 - Somewhat Dynamic dialogues keep
Unengaging players interested
3 - Neutral
4 - Somewhat
Engaging

5 - Very Engaging

Responsiveness 1 - Very Slow 4.5 0.7 Quick NPC responses
enhance player immersion

2 - Somewhat Slow
3 - Neutral

4 - Somewhat
Responsive

5 - Very Responsive

Adaptability 1 - Very Inflexible 4.1 0.8 NPCs adapt well to player
actions and environmental
changes
2 - Somewhat
Inflexible
3 - Neutral
4 - Somewhat
Flexible

5 - Very Flexible

Table 3 contains carefully defined simulation environment parameters for edge computing NPC behaviour model
testing. The researchers simulated 10 to 50 NPCs per 100 square metres in the game environment to test system
performance and NPC interactions. The interaction frequency was 5-20 per minute to capture player-NPC dynamics and
ensure real-time processing. Low, medium, and high environmental complexity games have different obstacles, dynamics,
and pathways. This parameter managed NPC behaviour in increasingly complex scenarios to demonstrate the edge
computing framework's scalability and robustness. Data collection and computational resource management took 30—60
minutes in the simulations. Game interactions like player movements, gestures, and commands were simulated. Players'
varied actions tested real-world NPC behaviour models. Reactive Al and dynamic dialogue generation NPC behaviour
models tested show the system's Al adaptability. High-resolution analysis allowed precise measurement of system
performance metrics like response times and NPC action accuracy by collecting data every second. Finally, day/night,
clear/rainy environments tested the edge computing framework's response to different game contexts, ensuring its
robustness.

758



ISSN: 2788-7669

Journal of Machine and Computing 5(2)(2025)

Table 3. Simulation Environment Parameters

Parameter

Description

Value/Range

NPC Density

Number of NPCs per unit area within the
game environment

10-50 NPCs per 100m?

Interaction Frequency

Average number of interactions between
NPCs and players per minute

5-20 interactions/min

Environmental Complexity

Number and variety of obstacles, dynamic
elements, and pathways

Low, Medium, High

Simulation Duration

Total time duration for each simulation test

30-60 minutes

Player Actions Captured

Types of player actions recorded during

Movements, gestures,

simulation commands
NPC Behavior Models Different Al behavior models tested (e.g., Reactive Al, Dynamic
reactive Al, dynamic dialogue) Dialogue

Data Collection Interval

Every 1 second

Frequency of data collection during
simulation

Specific  settings within  the
environment (e.g., lighting, weather)

Environmental Settings game Day/Night, Clear/Rainy

The main metrics are response times, accuracy, and system latency, showing in Table 4. Metrics are needed to assess
edge computing NPC behaviour system efficiency and effectiveness. For low NPC density and environmental complexity,
the system has 50—100 millisecond response times, 95% accuracy, and 30—-50 millisecond latency. In simple environments,
the system responds quickly and accurately. With medium and high environment complexity and low NPC density,
response times rise to 60—120 milliseconds, accuracy drops to 90%, and system latency rises to 50—70 milliseconds.
Environmental complexity increases computational load, but the system works well. Medium NPC densities increase
response times from 80 to 150 milliseconds and lower accuracy from 85-92%. System latency rises 60-100 ms. These
changes demonstrate how NPC interactions and environmental demands affect system processing capacity, suggesting
performance optimisation. With 110-180 millisecond response times and 80-87% accuracy, high NPC density challenges
the system. System latency is 90—130 ms. This shows that high-density scenarios strain the system, affecting accuracy and
responsiveness. A detailed scenario comparison shows the system's strengths in low- to medium-density environments and
critical areas for improvement in complex high-density environments. This Table 5 is essential for research analysis
because it shows the NPC behaviour system's performance under different conditions. It helps optimise the edge computing
framework for more gaming environments by showing the system's robustness in simpler environments and potential
bottlenecks in more demanding scenarios.

Table 4. Performance Metrics of NPC Behavior System

Accuracy of

Scenario R.esponse NPC Actions System Comments
Time (ms) (%) Latency (ms)
Dol oo
Low Density, Few NPCs, moderate
Medium Complexity 60-110 93 40-60 obstacles
Low Den51ty? High 70-120 90 50-70 Few NPCS, many
Complexity dynamic elements
Medium Dens1.ty, 80-130 9 60-80 Moderate NPCs, minimal
Low Complexity obstacles
Medium Density, Moderate NPCs,
Medium Complexity 90-140 89 70-90 moderate obstacles
M.ed1um Dens1Fy, 100-150 85 80-100 Moderate. NPCs, many
High Complexity dynamic elements
ngg?;;f;zl;ow 110-160 87 90-110 Many ELPS i‘“’c’lgmlmal
High Density, Many NPCs, moderate
Medium Complexity 120-170 83 100-120 obstacles
High Dens1ty., High 130-180 80 110-130 Many NPCS, many
Complexity dynamic elements

Table 5 thoroughly compares Al NPC behavior-improvement methods. Assessments include ML, RL, hybrid, rule-
based Al and traditional heuristics. This comparison compares NPC accuracy, system latency, response times, and player
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satisfaction. The comments section explains each Al technique's pros and cons and practical applications. Machine learning
responded in 90 milliseconds with 88% accuracy. ML's system latency was 50-70 ms and player satisfaction 4.1. The
comments show that ML balanced responsiveness and accuracy, making it ideal for dynamic games. Performance varied,
especially under computational loads. Reinforcement learning improved accuracy to 92% and response time to 80 ms. RL
had 40-60 ms latency and 4.5 player satisfaction. The comments showed that RL's adaptability and interaction learning
made it effective in unpredictable environments. Players liked RL's realistic and contextual behaviour, but training and
operation were computationally intensive. A hybrid ML-RL approach worked best. Best accuracy (95%), fastest response
times (70 ms), and lowest system latency (30-50 ms). This method was most popular (4.7). The hybrid approach was best
for player engagement and immersion due to responsive and accurate NPCs. Implementation complexity and computational
power were its main drawbacks. Rule-based Al responded in 100ms, was 85% accurate, had 60-80ms system latency, and
satisfied 3.8 players. Player engagement dropped with rigid, predictable rule-based Al NPCs. Traditional heuristics were
worst, with 110 millisecond response times, 80% accuracy, and 70-90 millisecond system latency. This method had the
lowest player satisfaction (3.5). Modern games were too complex and dynamic for traditional heuristics. Because NPCs
were repetitive and unrealistic, players wanted better Al

Table 5. Comparative Analysis of Al Techniques

Response Accuracy of System Latenc Player
Al Technique Timle) (ms) NPC Actions y (ms) Y Satisfaction Comments
(%) -5)
Machine Good balance of
. 70-110 88 50-70 4.1 responsiveness
Learning
and accuracy
High adaptability,
Remforc;ment 60-100 9 40-60 45 bette.:r performance
Learning in dynamic
environments
Best overall
Hybrid (ML + performance,
RL) 50-90 93 30-30 47 highly responsive
and accurate
Limited flexibility,
Rule-Based Al 80-120 85 60-80 3.8 higher latency in
complex scenarios
Outdated
1raditional 90-130 80 70-90 3.5 approach,
Heuristics struggles with

dynamic changes

Table 6 presents performance metrics of the NPC behavior system under increasing loads, specifically with 50, 100,
200, 500, and 1000 NPCs. The table includes response times, action accuracy, system latency, CPU, and memory usage,
offering insight into how the system scales. At 50 NPCs, the system responds in 50-80 milliseconds with 95% accuracy,
utilizing 40% CPU, 2.5 GB memory, and 30—50 ms latency. Comments indicate the system handles this load efficiently
without performance issues. With 100 NPCs, accuracy decreases to 93%, response times rise to 60—90 ms, CPU usage
climbs to 50%, latency to 40—60 ms, and memory to 3.5 GB. The system performs well under moderate load, but resource
use increases and accuracy declines. At 200 NPCs, accuracy drops to 90%, response times extend to 70-110 ms, CPU
usage reaches 60%, latency hits 50—70 ms, and memory usage grows to 4.5 GB. The system shows strain under this load,
needing improvements in latency and resource efficiency. With 500 NPCs, accuracy further drops to 85%, response times
reach 80-130 ms, CPU usage peaks at 75%, memory usage hits 6 GB, and latency ranges from 60—-80 ms. This load
significantly impacts system performance, highlighting the need for optimization. At 1000 NPCs, accuracy declines to
80%, response times increase to 100—-150 ms, CPU usage hits 90%, system latency is 70-90 ms, and memory usage climbs
to 8.5 GB. The system struggles under this heavy load, revealing performance bottlenecks that require scalability research
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and optimization. This table is critical for understanding how the system performs across various scales, revealing strengths
and weaknesses essential for future large-scale game development.

Table 6. Scalability Test Results
Response  Accuracy of System CPU Memory

Number of

NPCs Time NPC Actions Latency Usage Usage Comments
(ms) (%) (ms) (%) (GB)
System performs
50 50-80 95 30-50 40 25 optimally with

minimal latency and
high accuracy
Slight increase in
100 60-90 93 40-60 50 35 latency, maintains
high accuracy
Noticeable increase
200 70-110 90 50-70 60 4.5 in response time and
latency
Higher load impacts
500 80-130 85 60-80 75 6.0 performance,
accuracy drops
Significant
performance
degradation, high
resource usage
The Framework Architecture Diagram shows edge computing improves real-time game NPC behaviour processing in
Fig 1. In the top-left diagram are motion detectors, cameras, microphones, and environmental sensors. Sensors track player
actions and environmental changes to create adaptive NPCs. Edge devices receive sensor data. The diagram centres edge
devices to emphasise their role in near-source data processing. These devices collect, process, and transmit data. Data
Collection collects sensor data, Data Processing interprets it using ML and RL, and Data Transmission sends it to other
system components. The diagram's bottom-left and right corners use edge device data. The bottom-left Gaming
Environment shows NPC-player interaction. Edge devices send processed data and NPC commands to this environment,
allowing NPCs to react instantly to player actions and environmental changes. A seamless, immersive gaming experience
with responsive, contextual NPCs. Bottom-right diagram shows Cloud Storage for long-term data and model training
updates. Cloud storage stores data backups and model updates to improve Al models without affecting real-time processing.

1000 100-150 80 70-90 90 8.5

Input Layer

P

In-Game Sensor Events System Telemetny

~,

Preprocessing & Feature Extractiol

)

Data Normalization & Filtering

!

Feature Extraction & Event Classificatic

)

| Edge Computing Core

!

Real-time intelligence processing and NPC adaptation engine

- i

| Output Layer Cloud Integration
NPC Decision Engine Real-Time NPC Actions Cloud Model Update

Fig 1. Framework Architecture Diagram.
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Fig 2 shows edge sensor data collection, processing, and use. A flowchart shows how edge computing seamlessly
integrates real-time sensor data to improve game NPC behaviour. Top left flowchart has motion detectors, cameras,
microphones, and environmental sensors. Sensors record player movements, gestures, commands, and environmental
conditions to create a dynamic dataset. Sensors feed centre-edge flowcharts. Edge devices store, process, and send data.
Collectors prepare sensor data for analysis. Data processing module NPCs receive real-time insights and commands from
ML and RL algorithms. Finally, the Data Transmission module sends system components processed data. The flowchart
uses processed data twice. First, the Gaming Environment at the bottom-left of the flowchart processes data to adjust NPC
behaviour to player actions and environmental changes. Real-time NPCs improve gameplay. Second in the flowchart is
bottom-right Cloud Storage. Long-term data storage includes model updates and training. Solid arrows represent real-time
data collection and processing, while dashed arrows represent cloud backup and updating. This detailed flowchart shows
how edge computing can improve gaming NPC behaviour with real-time data.

Real-Time Data
Processing
(Machine Learning, Al
Algorithms)

Cloud Storage
(Long-Term Storage,
Model Training)

Network Nodes
(Processing and Relay)

Fig 2. Data Flowchart.

NPC response times vary by NPC density and environmental complexity, as shown in Fig 3. Research analysis evaluates
NPC behavior system performance under various operational conditions using the graph. In low-density, low-complexity
scenarios, the system responds quickly with little computation. Even at low densities, complexity affects responsiveness,
suggesting environmental factors alone can affect system latency. Medium density and complexity increase computational
strain from NPC interactions and environmental processing, prolonging response times. High-density, high-complexity
scenarios present the greatest performance challenges during peak load and responsiveness. The edge-based NPC behavior
system works well in simple environments but needs improvement in more complex ones.

In performance metrics research, Fig 4 shows system latency across load conditions and environmental complexity as
a line graph. Millisecond system latency against low, medium, and high load is shown. Each load condition is analysed
with low, medium, and high environmental complexity. This method shows how NPC count and gaming environment
complexity affect

NPC Response Time Trends Across Scenarios
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Scenarios (Density vs Complexity)

Fig 3. NPC Response Time Distribution.
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latency. In low-load scenarios, all environmental complexity levels have lowest system latency. Low complexity
environments have 30 ms latency, medium 40. Low-load, complex environments have 50 ms latency. This system works
best under low load and maintains low latency as environmental complexity increases. Edge computing efficiently
processes real-time data with few NPCs and interactions due to low latency. Every environmental complexity increases
system latency at medium load. For medium load, low complexity environments have 50 milliseconds latency, while
medium has 60. Medium-load, high-complexity environments have 70-millisecond latency. System processing and latency
increase with NPCs and interactions under medium load. This trend shows the need to optimise system processing for
moderate load increases without performance loss. NPC density and environmental complexity affect performance because
system latency peaks when loaded. In high-load scenarios, low complexity environments have 70, medium 80, and high
90 millisecond latency. The system can handle high loads, but latency suggests processing and resource management
bottlenecks.

System Latency Across Load Conditions and Environments (With Arrows)
Environment Complexity J’ 7
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80 Medium Complexity
= High Complexity l
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o
=]
—
-
il
&
@
I+

39
40 l rrrrrrrrrrrrrrrr

System Latency (ms)

I 2 e 0 e

Low Load Medium Load High Load
Load Conditions

Fig 4. System Latency Graph.

Player feedback research requires Fig 5, a histogram of player ratings on NPC realism and engagement. Histogram
player ratings range from 1 to 5, with 1 being "Very Unrealistic/Unengaging" and 5 being "Very Realistic/Engaging."
Players' NPC realism and engagement ratings are shown in the histogram. The histogram shows that most players rated
NPC realism 4 or 5, with high concentration. The high ratings for "Somewhat Realistic" (4) and "Very Realistic" (5) indicate
that most players found the NPCs lifelike. Perhaps edge computing's real-time data processing improves NPC interactions
and gaming immersion. The lower ratings (1, 2, and 3) indicate that while overall perception is positive, NPC realism could
be improved to meet player expectations. The histogram has many 4 and 5 ratings like NPC engagement. NPC behaviour
was mostly "Somewhat Engaging" (4) or "Very Engaging" (5), indicating player satisfaction with interactivity and
dynamics. Player engagement requires contextual NPCs. Although the histogram shows lower ratings, some players may
have found NPC interactions boring. This feedback suggests NPC behaviour improvements to boost engagement. This
histogram shows players' quantitative and qualitative NPC realism and engagement satisfaction. Edge computing makes
realistic and engaging NPCs, as shown by the high ratings. Lower ratings suggest player expectations can be met. These
insights and qualitative player feedback help researchers understand NPC behaviour system strengths and weaknesses.
Player feedback on NPC realism and research analysis require Fig 5.
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Fig S. Player Ratings Distribution.
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The study's Al to improve NPC behaviour performance metrics bar chart is in Fig 6. ML, RL, hybrid, rule-based Al,
and heuristics are evaluated. Selection and efficacy analysis of algorithms and models require the bar chart. The bar chart
shows NPC accuracy, response time, and player satisfaction. A millisecond response time shows NPC agility to player
actions. The percentage of NPC actions that respond correctly to stimuli is shown. Player satisfaction ranges from 1 to 5
on the Likert scale. All three bars compare Al techniques' performance. Machine learning (ML) has 90-millisecond
response times, 88% accuracy, and 4.1 player satisfaction. A balanced response time and accuracy boost ML player
satisfaction. High computational loads caused performance inconsistencies, but ML handled dynamic game environments
well, comments said. RL beats ML in response times (80 ms), accuracy (92%), and player satisfaction (4.5). RL's
adaptability and interaction learning improve performance. RL's realistic and contextually appropriate behaviour was
appealing, but training was computationally intensive. The hybrid ML-RL approach has 70 ms response times, 95%
accuracy, and 4.7 player satisfaction. Players interact with responsive, accurate ML and RL NPCs. Implementation
complexity and computational power are drawbacks.

Rule-based Al has 100-millisecond response times, 85% accuracy, and 3.8 player satisfaction, worse than ML and RL.
Simple rule-based Al has rigid and predictable NPC behaviours that lower player engagement. Traditional heuristics are
worst, with 110 ms response times, 80% accuracy, and 3.5 player satisfaction. Complexity and dynamics make modern
game NPCs unrealistic and repetitive.

Comparative Performance of Al Technigues

[ Response Time (ms) 110
N Accuracy (%)
[ Player Satisfaction (1-5)
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97

90
B8

a0+

60—

Metrics

201

a1 4.5 4.7 3.8 35

Machine Learning Reinforcement Learning Hybrid (ML + RL) Rule-Based Al Traditional Heuristics
Al Technigques

Fig 6. Comparative Performance of Al Techniques

Fig 7 shows a line graph of NPC behaviour system scalability metrics as NPCs and interactions increase. This graph
shows system scaling and guides research and analysis. Data on 50, 100, 200, 500, and 1000 NPC response times, accuracy,
and CPU usage. This detailed analysis shows the system's capabilities and limitations in managing increased demands
under different load conditions. The line graph shows 50 NPCs with 60 ms response times, 95% accuracy, and 40% CPU
usage. Fewer NPCs improve response times, accuracy, and resource use. Response times reach 70 milliseconds, accuracy
drops to 93%, and CPU usage peaks at 50% at 100 NPCs. Systems scaling increases computational and processing load.

With 200 NPCs, response times reach 90 ms and accuracy drops to 90%. Moderate system strain is indicated by 60%
CPU usage. As NPCs and interactions increase, response times and accuracy decrease, suggesting the system struggles to
handle the load. Response times peak at 120 milliseconds, accuracy drops to 85%, and CPU usage peaks at 75% at 500
NPCs. The system can scale at this level, but performance metrics show strain, requiring optimisation and resource
management. At 1000 NPCs, response times reach 150 milliseconds, accuracy drops to 80%, and CPU usage peaks at 90%.
The system struggles to respond and accurately under load near its operational limits. As response times and CPU usage
increased, accuracy decreased, indicating system architecture bottlenecks. The graph shows that the edge computing
framework can handle moderate scalability but needs major improvements for high-density scenarios. The research
approach and analysis depend on the system's scalability, shown in Fig 7[18], [27], [28].
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Scalability Performance Graph
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Fig 7. Scalability Performance Graph.

V. DISCUSSION
This study evaluated a Mobile Edge Computing (MEC) framework for networked real-time data processing and gaming
Al system NPC behaviour. Simulations and user studies examined the framework's technical and experiential implications
on end-users. For complete datasets, Python simulations varied NPC density and environmental complexity. The datasets
tested accuracy, response time, and system latency. The investigation suggests that MEC's more flexible and responsive
NPC behaviour could improve real-time, networked application user experience.

Table 3 showed that a comprehensive dataset is needed for system effectiveness and scalability by showing simulation
environment parameters like NPC density, interaction frequency, and environmental complexity. The table showed that the
system could efficiently manage 10-50 NPCs per 100 square metres and 5—20 interactions per minute. Real-time processing
and environmental complexity were shown. Table 4 showed that the NPC behaviour system responded fastest and most
accurately in low-density, low-complexity environments. As environmental complexity and NPC density increased,
response times and accuracy decreased, requiring optimisation for more demanding conditions. In Table 1, study
participants' age, gender, gaming experiences, and preferences were shown to ensure diversity. For complete player
feedback on NPC behaviour and engagement, diversity was needed. Our demographic was balanced, with the majority
aged 25-34 and one to five years of gaming experience. Due to this representation, many player experiences informed the
study's findings. Table 4 shows NPC realism and engagement Likert scales. According to the table, most players gave NPC
realism 4.2 and engagement 4.0. In qualitative feedback, players liked lifelike NPC movements and dynamic dialogues but
noted

MEC frameworks with advanced Al techniques like Machine Learning (ML) and Reinforcement Learning (RL)
improve real-time decision-making but increase computing demands. This can strain network bandwidth in large-scale
deployments that balance computational load and real-time processing. Implementing Al-driven operations over a
dispersed network is difficult, highlighting the need for network architectural refinement to support such complex
capabilities without sacrificing performance. This study found that MEC decreases latency and enhances networked system
responsiveness over centralized computing, but more research is needed. For present communication networks, this
research should optimize MEC Al algorithms and resource management. MEC's real-time gaming, autonomous systems,
healthcare, and industrial automation advancements will shape networked communications. To improve communication
network MEC, research should focus on data processing efficiency and MEC integration with 5G and other forthcoming
technologies. MEC makes next-generation communication infrastructures more scalable, flexible, and intelligent for real-
time applications. This study prepares Mobile Edge Computing to alter real-time data processing and management and
boost network and communication efficiency. MEC can revolutionize communication networks by solving challenges and
enhancing technology, enabling unparalleled responsiveness, adaptability, and user involvement.

VI. CONCLUSION AND RECOMMENDATIONS

Mobile Edge Computing (MEC) improves networked real-time data processing, including game AI NPC behaviour,
according to this study. Research suggests that MEC's capacity to process data closer to the source reduces latency,

765



ISSN: 2788-7669 Journal of Machine and Computing 5(2)(2025)

improving NPC responsiveness, contextuality, and user experience. MEC improves immersion and engagement in gaming
and other real-time decision-making and interaction applications by letting NPCs change behaviour. This study used MEC
for gaming Al, but its effects on networked systems are obvious. Data processing systems must be scalable, efficient, and
responsive as network environments become more complicated and data-intensive. Decentralized processing, reduced
server load, and faster important interactions are MEC's benefits. Game, smart city, autonomous car, and real-time
communication networks require this.The study found various impediments to MEC's networked potential. Complex
applications require advanced resource management and optimisation to reduce latency and improve accuracy. Advanced
Al methods like Machine Learning (ML) and Reinforcement Learning (RL) can improve NPC adaptability and realism,
but they require a lot of processing power. For MEC's increasingly complex networked ecosystems, these Al algorithms
should be developed to balance computing complexity and scalability.

Research on Mobile Edge Computing (MEC) integration in networks and communication systems has numerous viable
solutions. Edge and cloud computing are combined in hybrid designs. Edge computing's low latency and cloud computing's
data processing and long-term storage offer real-time interactions for networked systems that need fast replies. This hybrid
method optimizes computational work allocation in fast data processing. Modular Al frameworks for networked gaming
are another option. Customizing Al behaviours to application needs can increase MEC-driven systems' scalability and
efficacy across use cases via modular frameworks. Another improvement is edge-optimized data processing. Edge device
processing is reduced by these algorithms prioritizing vital data streams and automatically filtering superfluous data. Edge
devices must work in severe settings for real-time networked systems. This study is limited to aspects related to the
confluence of Al and Edge in eight application areas from a global perspective for the purpose of big data analytics at the
edge. In this sense, this article focuses only on papers that deal with edge learning in distributed edge-based architecture.
It only touches on task and resource management and the different feature challenges of edge in a limited way.

Research Implications

Mobile Edge Computing (MEC) minimizes latency and speeds up responses to external stimuli, making systems more
responsive and efficient, especially in real-time data processing, the study indicated. MEC appears to increase networked
system performance, making them more dynamic. MEC provides rapid, accurate real-time applications by removing
centralized data processing delays. This method affects more than gaming. MEC's real-time data processing and latency
reduction boost communication, smart cities, and autonomous systems. By processing and acting on crucial data fast, MEC
boosts communication network reliability and efficiency. Real-time financial transactions and emergency response
necessitate rapid data processing.

This study highlights networked system scalability. Scalable and effective data processing solutions are needed as
communication networks support larger and more complex environments. MEC allows network infrastructure manage
more devices and sophisticated interactions without slowing. Big, interactive smart city, industrial automation, and other
real-time data processing systems demand scalability. MEC can be applied with deep learning and NLP, according to this
study. Networked systems can become smarter, adaptive, and contextualize interactions employing real-time data with
MEC and Al Integration could improve communication networks and other real-time applications by establishing smarter,
autonomous systems that learn and react fast.
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