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Abstract 

With the advancement from 4G to 5G networks, mobility management poses a new set of issues in 

providing uninterrupted service to latency-sensitive applications, such as augmented reality (AR), 

autonomous driving, and live video streaming. Conventional bandwidth handover techniques 

primarily emphasize adequate signal strength and congestion information, offering inadequate 

handover methods to fit the varied and changing demands of these modern applications.  The authors 

introduce a novel handover decision model that incorporates the context of the application, in 

addition to real-time user mobility patterns and network conditions, so that handover decisions can 

be made effectively. Using on-device artificial intelligence/machine learning (AI/ML) algorithms, 

coupled with edge cloud computing, a model of handover predictions will suggest the most 

appropriate base station for handover across all movements, reducing latency, reducing jitters, and 

reducing packet losses. Simulated experiments conducted in an urban environment demonstrate that 

context-aware handover decisions outperformed traditional handover decision methods as users 

transitioned through bandwidth-intensive applications. Collectively, findings indicate network 

resource usage was increased, handover efficiency was increased, and the user experience was 

enhanced, demonstrating the significance of context-aware handover decision frameworks in next-
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generation mobile networks. In sum, the research advances a foundation for adaptive mobility 

management decision-making associated with application requirements in 5G and beyond. 

Keywords: Application-Aware, Handover, Decisions, 5G, Beyond 5G (B5G/6G), Mobility 

Management, Connectivity. 

1 Introduction 

1.1 Definition and Importance of Application-Aware Handover Decisions in 5G and Beyond 

The transition from 4G LTE to 5G, along with future developments, has created significant shifts in 

mobile networks. A prominent advancement is intelligent mobility management, including more 

thoughtful approaches to the handover process. Simply defined, a handover allows for a call, video, or 

video game to move from one cell tower to another as you physically move while walking or driving. 

Traditional systems were fundamentally reliant on two numbers--RSRP and SINR--and adjusted the link 

when the bars were low (Zhang et al., 2020).  However, 5G supports many different workloads beyond 

traditional tasks, such as ultra-reliable low-lag chats to sensor clouds, so a one-size-fits-all rule cannot 

work.  Application-aware handover selects a tower based on the service you are using at that moment, 

treating each service individually. A video call or AR trip requires almost no pause and rock-solid 

connections, while a bulky file can wait for a moment but craves speed (Ali-Yahiya et al., 2022; Banerjee 

& Kapoor, 2024). By feeding those service details into the handover brain, operators keep QoS high, 

pockets full, and people smiling. Meeting the numerous goals set by the International 

Telecommunication Union (ITU) for 5G and the subsequent networks requires this level of sharp 

situational awareness (Alraih et al., 2023; Orhorhoro et al., 2016; Asgari-Motlagh et al., 2019). With the 

advent of 5G and the impending 6G networks, the need for seamless, uninterrupted connectivity has 

never been more crucial. Traditional handover decision strategies, which focus on simple metrics such 

as signal strength and interference, are inadequate for modern applications that require low latency and 

high reliability, such as autonomous vehicles, augmented reality (AR), and real-time video streaming. 

1.2 Overview of Existing Handover Decision Methods in Current Cellular Networks 

Figure 1(a) sketches how 5G networks can become smart enough to sense apps while deciding when to 

hand over a mobile connection. First, the User Device sends basic details to an Application Identification 

box, allowing the system to identify which apps are active and what each one requires to run smoothly. 

Second comes Context Analysis, a quick look at the signal strength, speed, rival congestion, weather, 

and anything else in the surrounding network mix. The insight loop then feeds these facts into the 

Decision Engine, where app needs and context talk together so the system can think before acting. The 

engine will then select the next Base Station, check to ensure the cell chosen can deliver the level of 

speed and latency being requested by the app, and ultimately move the device over in a Seamless 

Handover without interruption to whatever the user is watching or interacting with.  

 

Figure 1(a): Conceptual Flow Illustrating the Integration of Application-Awareness in 5G Handover 
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The decision algorithms for Handover have typically relied on predefined signal thresholds, 

hysteresis margins, and time-to-trigger (TTT) values (Shariatmadari et al., 2019; Ahmadi et al., 2016), 

which operated well in homogeneous environments with a stable mobility paradigm. However, as the 

transition to LTE and initial deployment of 5G were occurring, enhancements to radio performance were 

embraced mainly in the form of, for example, handover prediction (with velocity prediction or 

estimation) and local interference management. 

 

Figure 1(b): Architecture of the proposed application-aware handover system in 5G networks 

This application-aware intelligent handover system (Figure 1(b)) is tailored for 5G networks and 

their successors. It includes a Context-Aware Decision Module (CADM), which couples real-time data 

from two subordinate modules: the Application Monitor and the Mobility Predictor. The Application 

Monitor assesses the application's requirements for resources (e.g., latency, throughput), and the 

Mobility Predictor forecasts the user's trajectory. With these contextual factors, the Handover Execution 

Controller makes intelligent optimizations to the service level and resource efficiency during the 

handovers. These determinations are broadcast to the Radio Access Network (RAN), which executes 

the handover to the User Equipment (UE). This system considers application-level quality of service 

and user spatial-activity patterns for the handover actions, which improves the connectivity stability of 

the device, reduces unnecessary handovers, and enhances user experience (QoE) in more complex 5G 

scenarios. Jameel et al. (2020) mention that, in some cases, specific approaches have extended their 

considerations of handover to incorporate effects, such as the trend of the quality of the signal being 

received, the need to balance the load, and the historical mobility of the user, on the infrastructure side. 

Furthermore, machine learning approaches for handover have been developed to consider larger datasets 

to predict when the handover should occur, and the target cell (Mollel et al., 2021; Chen et al., 2023; 

Garigipati, 2024). However, the majority of these approaches do not include the application context. For 

example, based on a weak signal, the device may initiate a handover because the application has a high 

throughput requirement, but it is not possible for the application context to tolerate reduced quality if 

the quality degrades for a brief period (Pabandi et al., 2019; Abdullah, 2024; Samdanis et al., 2016). 

This problem becomes more severe with 5G networks, where heterogeneous cells (macro, micro, femto) 

coexist with multiple radio access technologies (RATs). Each application may interact differently with 

these RATs, and ignoring their specific needs can significantly impact performance, especially for delay-

sensitive services (Ding et al., 2021). 

1.3 Research Gap and Motivation for the Study 

While the environments of networks are getting more and more complicated and the services provided 

are becoming diversified, only a few researchers have studied application-aware handover decision-

making in a structured and performance-optimized manner. Currently, no standard reference model 

exists to guide the integration of application-level metadata into mobility management. In addition, edge 
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computing and network slicing offer the opportunity for dynamic adaptation of handover decisions based 

on the application slice or proximity to computing resources (Sabella et al., 2018; Prabha & Gayathri, 

2014). This gap necessitates a context-aware and application-sensitive handover framework, as proposed 

in this research. The aim is to enable the intelligence of next-generation networks that can adjust 

themselves according to user needs on one side, as well as environmental dynamics on the other. This 

approach enhances user Quality of Experience (QoE) while also efficiently utilizing network resources 

across different access technologies and service layers (Saleem et al., 2023; Venkatarathnam et al., 2024; 
Mao et al., 2018). This study contributes to embedding application intelligence into mobility 

management, aiming to achieve truly adaptive autonomous 5G and beyond. Despite the advancement in 

the area of mobility management, most available techniques are still using radio-centric metrics (e.g., 

signal strength and interference) and static thresholds to make decisions. Such radio-centric metrics and 

techniques are poorly suited to dynamic adaptation and an application's complex requirements, which 

may include real-time communication, high throughput, and/or mission-critical services. Application-

level metadata is also excluded in handover decision-making, resulting in service disruptions and poor 

resource utilization. 

To address these issues, this paper proposes an application-aware handover model that incorporates 

the real-time requirements of applications with network conditions and user mobility patterns. Using on-

device AI/ML algorithms and edge cloud computing, the proposed model predicts the best base stations 

to hand over to based on expected latency, jitter, and reliability. This approach is not only more efficient 

in handling real-time application requirements but also better suited for the dynamic, heterogeneous 

environments of 5G and beyond. 

The proliferation of 5G networks to support a variety of applications that may consist of IoT, smart 

cities, and immersive AR/VR applications will make intelligent, application-aware handovers even more 

critical. Tailoring handover decisions based on service type and user mobility will provide enhanced 

user experience and facilitate efficient use of network resources, which serves as an important step in 

the research of 5G and preparing for the more complex 6G environments. 

The rest of the paper is organized as follows. In Section I, we summarize related work on handover 

techniques and limitations of what has been done before. In Section II, we provide the application-aware 

handover model, including methodology, data collection, and evaluation criteria. In section IV, we 

present findings of our comparative modeling study of 5G capabilities, and in section V, we address the 

conclusions of our findings and future research directions for 5G. Finally, in Section VI, we provide a 

summary of contributions and future work.  

2 Literature Review 

2.1 Handover in Cellular Networks: Findings from Past Researches 

Cell phones have leaned on handover tricks since the very first mobile towers went live. Back then, 

decisions rested on straightforward signals, such as the Received Signal Strength Indicator (RSSI) and 

the Signal-to-Interference-plus-Noise Ratio (SINR), as well as basic grades of cell quality and hysteresis 

set by engineers (Hu et al., 2015; Hussain et al., 2018). When 3G and later 4G emerged, systems 

incorporated speed checks, load-sharing rules, and even predictive algorithms that estimated when a 

phone would transition to the next cell, all to improve service in fast city traffic (Lin et al., 2014). Beyond 

that, brains built on fuzzy logic, Multi-Criteria Decision Making (MCDM), and Reinforcement Learning 

(RL) tried to squeeze every millisecond from the handover dance (do Vale Saraiva et al., 2021, 

Khakimov et al., 2024; Hakem, 2019). These smarts cut down on hopping back and forth, raised the 
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odds that a call would carry over, and reduced the lag users noticed. Still, because modern mixed 

networks depend on app-layer talk as much as radio math, nobody linked those clever handover tricks 

to the higher-level services now expected. 

2.2 Studies on Application-Aware Handover Decisions in 4G Networks 

Researchers initially examined application-aware handovers within the 4G LTE environment, aiming to 

enhance service quality. Some teams proposed cross-layer techniques that enable the radio link to track 

each app's QoS goals, such as low delay, minimal jitter, and sufficient bandwidth (Lee et al., 2008). For 

instance, during a handoff, voice-over-IP calls received the nod ahead of file downloads, cutting 

dropouts and keeping conversations smooth (Alsharif & Nordin, 2015; Sharma, 2013). Work also shifted 

toward vertical handovers, where the smart decision transitioned between LTE and Wi-Fi rather than 

relying on a single technology. Solutions utilized context-aware helpers that weighed app rank and real-

time metrics to select the optimal moment and target for each switch (Singh et al., 2024; Whitmore & 

Fontaine, 2024). Nevertheless, central controllers were limiting scale and speed, which were the very 

antithesis of what the larger, faster world of 5G would offer. At the same time, there was the introduction 

of machine learning, providing the capacity to train models to recognize an app in real time and provide 

them with the associated radio path that would serve them best (Singh, 2017; Ibragimov et al., 2024; Liu 

et al., 2021). The predictors were able to differentiate between, for example, video streaming versus 

casual web browsing, and automatically route traffic to the access network that was prepared to serve it. 

2.3 AI/ML in Mobility Management 

Conventional mobility management strategies for making handover decisions have been based mainly 

on signal strength measurements like Reference Signal Received Power (RSRP) and Signal-to-

Interference-plus-Noise Ratio (SINR). This worked reasonably well in stable conditions, but these 

measures have severe limitations in dynamic and congested environments, often leading to Handover 

Failures (HOF), ping-pong handovers, and unnecessary handovers. As mobile networks transform into 

more complex networks with applications that require more resources, the traditional paradigm becomes 

inadequate. Therefore, there has been a growing reliance on Artificial Intelligence (AI) and Machine 

Learning (ML) to tackle the challenges associated with handover decisions. 

Reinforcement learning (RL) methods have begun to develop increased relevance in this landscape. 

Several studies have focused on applying RL algorithms to adjust handover parameters in real-time, 

which can reduce unnecessary handover events and increase mobility performance. For example, RL-

based methods are used to increase mobility performances through the dynamic optimization of 

handover decisions in ultra-dense small cell networks. Similarly, deep learning methods, like Long 

Short-Term Memory (LSTM) and Gated Recurrent Units (GRU), have also been leveraged to predict 

user mobility patterns and to pre-emptively make handover decisions. The use of a deep learning model 

demonstrating the successful prediction of user mobility in a dense urban environment reduced ping-

pong handovers by 98% and unnecessary handovers by 46.25%. Furthermore, explainable AI (XAI) 

frameworks have been proposed to mitigate the black box nature of traditional AI models and provide 

some transparency to how decisions are made. For instance, a paper is examining the interaction of 

Shapley Additive Explanations (SHAP) and Deep Q-Networks (DQN) for the mobility management of 

an uncrewed aerial vehicle (UAV) and how different parameters affect the decision to perform a 

handover. 

In spite of the realistic potential for AI/ML approaches, the existing protocols based on AI/ML 

approaches face certain obstacles. One of the significant drawbacks of most of the existing models is the 



Application-Aware Handover Decisions in 5G and 

Beyond 

R. Sowndharya et al. 

 

  37   

lack of application awareness. Classic models focus on network-centric metrics without respect to the 

needs of the application, e.g., whether the application is lower latency sensitive or has a bulk bandwidth 

need. Further, a large number of industry models utilizing AI/ML approaches will require considerable 

training datasets that may not be available in the deployment settings; not doing so may lead to 

overfitting or an inability to generalize. Finally, although some level of transparency will always be 

introduced using XAI techniques, AI models are still of a very complex nature, and transparency does 

not mean that they can be utilized on a relatively small time scale or without bias. Complexity also limits 

practical use at times when it may not be reasonable to deploy the models in real time. 

The proposed application-aware handover model seeks to address these issues by incorporating 

application context into the handover decision-making process. Unlike traditional handover techniques 

that rely solely on network signal strength or network loads, the proposed handover model considers an 

application’s type, user mobility, and real-time network conditions when making connectivity decisions. 

Improving the user experience is paramount for applications that are sensitive to latency, including 

augmented reality (AR), autonomous driving, or live video streaming, so by accounting for more factors 

in the decision-making process there will be a greater likelihood of maintaining seamless connectivity 

for these types of applications. This handover model will improve a handover management system by 

optimizing and allocating resources more efficiently and effectively, while also minimizing unnecessary 

handovers for a client device, which is especially important in 5G networks. Lastly, the proposed model 

and explainable AI incorporation improves continued and steady use of the model and can be easier to 

integrate with existing network infrastructures due to its transparency and interpretability. Overall, an 

application-aware model is a significant improvement over existing handover management processes, 

including traditional and current AI/ML-based and related methods, and provides a more dynamic and 

context-based approach to mobility with a focus on next-generation wireless networks. 

2.4 Challenges and Limitations of Existing Handover Decision Methods 

Even though researchers have made significant strides, old-school handover tools, and smart, app-aware 

systems still encounter a couple of persistent problems. The first challenge is that latency is introduced 

by the tight coupling between the Radio Access Network (RAN) and the core network in legacy systems, 

hence making it challenging to make context-aware real-time decisions (Lin et al., 2021). Secondly, 

most existing handover strategies employ static or rule-based criteria, which are not suitable for 

dynamic, real-time applications such as virtual reality/augmented reality, autonomous driving, and 

industrial automation in 5G (Khan et al., 2022; Castillo & Al-Mansouri, 2025). Another major limitation 

is that application-level metadata has not been standardized nor integrated into handover signaling 

protocols. In this way, without standardized APIs or mechanisms to convey application context to the 

network, the logic behind handover is essentially blind toward service-specific requirements (Afolabi et 

al., 2018). Additionally, traditional techniques are not well-suited for managing mobility across different 

network slices in 5G, where each slice may serve entirely different applications with distinct quality of 

service (QoS) profiles (Kaloxylos et al., 2018; Bhatt et al., 2023; Khan et al., 2020). They argue that 

while AI and machine learning are promising technologies for context-aware mobility management, 

issues regarding model training, data privacy, and computation overhead, especially on resource-limited 

edge nodes, also emerge. This, therefore, calls for highly scalable, intelligent, and adaptive handover 

decision mechanisms that can respond to both network conditions and application requirements in real-

time. 
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3 Methodology 

3.1 Proposed Approach for Application-Aware Handover Decisions in 5G and Beyond 

This approach introduces an alternative model for handover decision-making. It is a multi-criteria 

approach that combines radio network parameters with application-specific Quality of Service (QoS) 

requirements. Instead of the traditional radio-centric handover triggers, the proposed approach examines 

application contexts such as latency sensitivity, throughput requirements, and reliability constraints. The 

handover decision is defined as a multi-objective optimization problem, where the best target Base 

Station (BS) is chosen to satisfy both network and application-level constraints. Denote by handover 

decision variable 𝐻 with 𝐻 = 1 indicating handover and 𝐻 = 0 implying no triggering of a handover. 

 

Figure 2: Methodological Workflow for Implementing and Evaluating the Application-aware Handover 

Model 

The preparation of the Dataset begins with collecting and organizing relevant data. This is referred 

to as Dataset Preparation in Figure 2. In the Application Profiling phase, different applications are 

studied to understand their behavior and requirements, which will subsequently be utilized in the 

handover logic. Furthermore, in the Simulation Setup stage, the virtual testbed is prepared to mimic real-

world network conditions. Moreover, important parameters such as latency, handover success rate, and 

throughput are calculated in the Performance Metrics Calculation stage. Finally, the model evaluation is 

conducted in the Result Analysis by interpreting the mapped data in comparison to evaluation 

benchmarks. This interpretation enhances the optimization process. 

 The utility function 𝑈𝑖𝑗  for user 𝑖 to base station 𝑗 is calculated as: 

𝑈𝑖𝑗 = 𝛼 ⋅ 𝑅𝑖𝑗 + 𝛽 ⋅ 𝐴𝑖 + 𝛾 ⋅ 𝐿𝑖𝑗                               (1) 

Where  

𝑅𝑖𝑗 represents a normalized radio signal quality measure, such as SINR or RSRP. 𝐴𝑖 denotes an 

application-driven priority score for user 𝑖, typically constrained to the [0,1] interval and informed by 

the specific service class in use. 𝐿𝑖𝑗 serves as a link cost proxy, commonly interpreted as projected 

latency or the current load profile of the candidate base station. The constants 𝛼, 𝛽, 𝑎𝑛𝑑 𝛾 act as scaling 

factors that modulate the relative influence of radio quality, application urgency, and link burden on the 

final utility estimate. Decision logic is based on the base station 𝑗 that maximizes the utility term, 

provided that the received power remains above an established threshold and the promised QoS 
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envelopes are respected. The application-centric priority metric 𝐴𝑖 is derived from a separate calculation 

based on service type, delay tolerance, and user expectations. 

𝐴𝑖 = 𝑤1 ⋅ 𝐷𝑒𝑙𝑎𝑦 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑤2 ⋅ 𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑚𝑒𝑛𝑡 + 𝑤3 ⋅ 𝑅𝑒𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝐷𝑒𝑚𝑎𝑛𝑑        (2) 

The weights 𝑤1,  𝑤2,   𝑎𝑛𝑑 𝑤3, which are updated on a dynamic basis according to the application 

profiles, will allow the model to adjust itself to real-time service contexts, such as AR/VR, VoIP, or file 

transfer. Next comes a decision rule based on thresholding: 

𝑇𝑟𝑖𝑔𝑔𝑒𝑟 𝐻𝑎𝑛𝑑𝑜𝑣𝑒𝑟 𝑖𝑓 max
𝑗

(𝑈𝑖𝑗) > 𝜃              (3) 

Where 𝜃 is the threshold utility required for handover justification. 

3.2 Methods of Data Collection and Analysis 

The system simulates a heterogeneous 5G network environment comprising macrocells and small cells, 

with multiple user equipment (UEs) running various application types. A centralized mobility controller 

receives quality of service profile metadata from each UE periodically. The network also collects real-

time metrics such as SINR, throughput, delay, and cell load. Data is collected during both static and 

mobility scenarios involving pedestrian movement or vehicular movement. The mobility traces are 

produced using realistic models (e.g., Random Waypoint and Gauss-Markov) while varying network 

conditions emulate urban and rural deployments. Simulation outputs are saved in fixed intervals to 

include: 

• Number of handovers 

• Application latency and throughput 

• Handover success/failure ratio 

• Utility scores over time 

Statistical analysis, which includes mean, variance, and CDF, among others, is used to assess how 

application-awareness affects decision-making performance. 

3.3 Evaluation Criteria for Comparing Different Handover Decision Techniques 

This evaluation compares the proposed model to other conventional handover techniques, such as signal 

strength-based decisions, load-aware handovers, and basic machine learning-based approaches. 

Comparison is based on several key performance metrics that the new model brings in. Handover rate 

describes how frequently the user has to change cells per unit of time, while ping-pong rate denotes how 

many unnecessary handovers occur due to rapid switching between base stations. Another important 

metric is the QoS satisfaction rate, which indicates the adequacy of meeting application-level quality of 

service demands (such as latency and bandwidth) after going through a handover. On top of everything 

else, engineers keep a close eye on how long it takes for an app to respond, especially for stuff that can't 

make real-time video chats or voice calls. They can spot delays caused by the handover choice. They 

also compare the expected data speed with what users actually receive; any significant drop usually 

indicates that the phone selected the wrong cell while switching between towers. Then there's the 

handover success rate, a simple number that tells them what share of calls stayed up without dropping 

or losing packets, which speaks volumes about how trustworthy the decision was. Together, these tests 

provide a comprehensive view of how effectively each handover style maintains connections, reduces 

brief lags, and addresses the specific needs of 5G customers. 
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The Key Components are 

1. Methods of Measurement and Measurement Tools 

Measurement and data collection related to the network will be done using NS-3 and OMNeT++ 

through various measurements that include handover success rate (HSR), ping-pong rate (PPR), quality 

of service satisfaction, average latency (L_avg), and throughput. Additionally, Wireshark will capture 

network traffic during the experiment, providing a more accurate data collection mechanism.  

2. Simulation Arrangement  

The simulation will consist of a heterogeneous 5G network comprised of macrocells, small cells, and 

Wi-Fi. There will be user mobility created on the nodes based on the Random Waypoint and Gauss-

Markov models. The simulation will also control user density, mobility speed, and network congestion 

for the sake of experimenting with the model in both urban and rural environments. 

3. Comparison of Controlled Parameter Models  

From both of the models that use traffic network metrics, the signal strength-based and load-aware 

handover techniques will be baseline models. These models will also be compared against the 

application-aware model in order to provide evidence in regards to handover success, latency, and QoS 

satisfaction. 

4. Process for Gathering Data 

Data will be collected in static and dynamic mobility scenarios. This will include application-level 

data (e.g. latency and throughput) and network metrics (SINR, RSRP) data. Collected data will be 

preprocessed to eliminate outliers and normalized before analysis. 

5. Statistical Analysis 

Both ANOVA and t-tests will be used to compare the performance of the models with results at 95% 

confidence level. Regression analysis will be used to model the relationship between handover decisions 

and performance metrics. 

6. Performance Benchmarks 

The success threshold will be set to targeted benchmarks, such as latency (or VoIP/AR 50 ms or less) 

and throughput (or video 10 Mbps or more) where QoS satisfaction is identified at 90% satisfied users. 

4 Results 

4.1 Study of Data and Performance Metrics for Handover Decision Strategies 

The team drove the traffic snapshots identical to the quiet, normal, and bumper-to-bumper road 

conditions and instructed equipment to steer in accordance with three game plans, old signal threshold 

brake, load-smart twist, and the new app-sensitive guard. The datasets captured were a combination of 

instantaneous RSSI snapshots and per-application QoS drift and the transfer call that each policy was 

initiating. A set of normal yardsticks reduced the overall system story. One of the key measurements, 

handover rate (HR), is obtained by dividing the number of transfers by the period of time in the 

experimental window. 

𝐻𝑅 =
𝑁𝐻𝑂

𝑇
                                           (4) 

where 𝑁𝐻𝑂 , is the count of handovers within the period of observation T. This model is not reliant 

on signal strength-based technique and therefore it has lower handover rate. It takes into consideration 

the urgency of application and the stability of links, thereby not making unneeded transitions. An 
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alternative parameter, a rate of ping-pong (PPR) shows how frequently a user gets to move between two 

cells 

𝑃𝑃𝑅 =
𝑁𝑃𝑃

𝑁𝐻𝑂
 × 100                                   (5) 

The number of handovers required to ping-pong between the two ends is represented as 𝑁𝑃𝑃. The 

𝑃𝑃𝑅 for the application-aware strategy was the lowest, indicating consistent decisions on when to 

perform a handover based on both network conditions and application requirements. 

Real-time performance was evaluated based on the average latency (L avg) of delay-sensitive 

applications: 

𝐿𝑎𝑣𝑔 =
1

𝑁
∑ 𝐿𝑖 

𝑁

𝑖=1

                                     (6) 

Where 𝐿𝑖 denotes the latency experienced by user 𝑖 throughout the session. The system that has an 

awareness of the application consistently results in lower average latency since it always tries to optimize 

low-latency applications' targets. 

 

Figure 3: Handover Rate vs User Speed 

Figure 3 illustrates the fluctuations in handover rates against different user movement speeds for 

three handover decision strategies. At higher speeds, the three methods yield nearly identical results; 

however, all of them exhibit an upward trend in handover frequency as speed increases from 5 km/h to 

80 km/h. The signal-based method shows the highest increase in handovers per user at the end of this 

range, where it reached 13.6 handovers per user at the speed of 80 km/h. This is because it is very 

sensitive to instant signal variations and thus can make many unnecessary handovers too often. The load-

aware method performs poorly since it does not consider application context, but it avoids overloading 

cells and has a relatively high rate. On the other hand, application-aware produces a much lower number 

of handovers at varying speeds, which were only equal to about 6.8 at that same maximum speed, 

meaning that its approach can effectively suppress redundant mobility decisions, especially in highly 

mobile areas where application demands as well as link stability are taken into consideration. 
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Figure 4: Ping-Pong Rate Comparison 

A bar graph in Figure 4 compares the three models with respect to their ping-pong rate, which refers 

to cases of unstable handovers. In particular, a signal-based method has a high ping-pong rate of 19.2%, 

meaning that it depends on the shifting signal thresholds, and this always triggers rapid back-and-forth 

handovers. Nonetheless, load-awareness considerably improves its performance, as evidenced by the 

transition from 19.2% to 11.4%. However, it still does not provide decision stability for real-time apps. 

When compared with both models, the application-aware model is better, with a ping-pong rate of only 

4.6%. This means that for such systems, using context-based multi-factor evaluation leads to more 

reliable and stable mobile handover decisions. Furthermore, this decreases signaling overhead while 

increasing user session continuity.  

 

Figure 5: Average Application Latency (ms) for VoIP, Video, and AR 

The graph in Figure 5 provides a detailed comparison of latency for the three services – VoIP, video 

streaming, and augmented reality - under each handover strategy. The signal-based model exhibits the 

highest latency (65 ms for VoIP, 89 ms for video streaming, and 110 ms for AR) since it does not take 

into consideration application requirements during handovers. Latency is slightly lowered by the load-

aware approach by avoiding congested base stations; however, it still falls short of meeting real-time 

needs (e.g., AR remains at 85 ms). However, the application aware scheme shows improvements that 

are more significant as it keeps latencies within acceptable limits: 28ms for voice over IP, 43ms for 

video and 51ms for AR. These findings highlight how the proposed model can preserve application 
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performance by directing mobility decisions towards optimal network conditions depending on service 

type; this follows from earlier discussions on this topic. 

4.2 Comparison of Application-Aware Handover Decisions with Traditional Methods 

In terms of all performance measures, the application-aware strategy outperformed traditional 

techniques across all three models. Signal-based approach relied only on link quality but ignored the 

criticality of applications leading to high rate of handovers resulting to service disruption. The load-

aware solution performed better than the signal-based model because it avoided congested base stations, 

though it lacked the dynamic adaptation necessary for real-time service delivery requirements. The 

proposed model scored higher quality of service satisfaction rates because its adaptive scoring 

mechanism took into account application type, service delay requirement, and network load. Satisfaction 

rate, called Quality-of-Service Satisfaction Rate (QSR), is given by: 

𝑄𝑆𝑅 =
𝑁𝑄𝑜𝑆

𝑁𝑇𝑜𝑡𝑎𝑙
× 100                              (7) 

Where 𝑁𝑄𝑜𝑆 is the number of sessions that meet quality of service targets, and 𝑁𝑇𝑜𝑡𝑎𝑙 is the total 

number of sessions. The application-aware system achieved over 90% 𝑄𝑆𝑅 for interactive applications, 

while it was around 70% in the signal-based method. Also, Handover success ratio (HSR) is defined by: 

𝐻𝑆𝑅 =
𝑁𝑆𝑢𝑐𝑐𝑒𝑠𝑠

𝑁𝐻𝑂
× 100                              (8) 

The application-aware approach realized the best performance results; this implies that there is a 

reduced number of dropped sessions and more stable transitions. 

Figure 6 is the curve of quality of service satisfaction against network load of the different methods. 

This demonstrates the ability of each of the methods to maintain quality of service with increasing 

network load between 20 percent and 100 percent. The signal-based one suffers a significant drop of up 

to 46, meaning that it does not perform well when there is a congested network. Although the load-aware 

model does better at lower loads, it reduces to 53% at full capacity. Application-aware version, on the 

other hand, begins with 95 percent and decreases to 74 percent when fully loaded, as compared to the 

other versions, which test on a downwards slope. The reason behind this technique is that it supports 

both network state and application-level quality of service requirements, and thus continuity is ensured 

even when heavy traffic is experienced, thereby guaranteeing that the users remain satisfied at all times. 

 

Figure 6: Quality of Service Satisfaction Rate (%) vs Network Load 
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4.3 Effects of Application-Awareness on Network Efficiency and User Experience 

Efficiency in terms of the network. The lessening of unnecessary handoffs decreased the wastage of 

signaling overhead and resource allocation. This has made it possible to balance the load effectively and 

also decreased the contention during the peak time in order to utilize it. Intelligent application 

prioritization made user experience easier in continuity of sessions, particularly in real-time and 

streaming services. They had reduced delays, fewer interruptions, and enhanced throughput 

compatibility. The approach that was used was such that mobility decisions were matched against 

service-specific quality of service profiles, thus enabling service reliability while minimizing network 

infrastructure over-utilization. Thus, the integration of application context into handover logic would 

not only improve individual user performance but also lead to higher scalability and efficiency 

throughout the next-generation wireless networks. 

Table 1: Comparison of Performance Metrics Between Application-Aware Model and Traditional 

Methods 

Metric Signal-Based 

Model 

Load-Aware 

Model 

Application-

Aware Model 

Improvement 

(%) 

Handover Success Rate (HSR) 85% 90% 95% +10% 

Ping-Pong Rate (PPR) 19.2% 11.4% 4.6% -76% 

Average Latency (ms) 65 ms (VoIP) 60 ms (VoIP) 28 ms (VoIP) -57% 

Quality of Service Satisfaction 

Rate 

70% 80% 90% +14% 

Throughput (Mbps) 9 Mbps 10 Mbps 12 Mbps +20% 

Handover Rate 12.3 per user 9.4 per user 6.8 per user -45% 

A comparison of key performance measures between the application-aware model of handover and 

two of the traditional handover models, including signal-based and load-aware models, is presented in 

Table 1. The application-aware model has the best handover success rate (HSR), which proves that it is 

capable of sustaining more stable connections during the handovers. It is also the leader in decreasing 

the ping-pong rate (PPR), which is much lower than that of the traditional models, which means that 

there will be fewer unwarranted handovers and the network will be more stable. The application-aware 

model will provide a significant improvement in the average latency, especially with latency-sensitive 

applications such as VoIP, as it allows better user experiences. An application-aware model has a higher 

quality of service satisfaction rate, and this suggests that it has more service levels as required by real-

time applications like video calls and gaming. Also, the throughput offered by the application-aware 

model is better and optimizes bandwidth during handovers. Finally, the application-aware model has a 

low rate of handover, which reduces signaling overhead and enhances the overall network efficiency. 

Overall, the table highlights that the application-aware model outperforms traditional methods in 

maintaining service quality and reducing disruptions, particularly in dynamic and diverse network 

environments. 

5 Discussion 

5.1 Future 5G Networks and Implications of Study Findings 

This study has far-reaching implications for the next-generation mobile networks design and 

deployment. As the 5G and beyond systems are expected to support different types of services with 

various quality of service (quality of service) requirements like ultra-reliable low latency communication 

(URLLC), enhanced mobile broadband (eMBB), and massive machine-type communication (mMTC), 

the limitations of classical handover schemes become more visible. As discussed in this paper, the 
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application-aware handover strategy will be able to reduce redundant handovers, minimize latency, and 

enhance more stable sessions serving the specific needs of an application being used. In this instance, 

the 5G networks are high in terms of improving user experience, real-time responsiveness, and spectrum 

efficiency. In layperson's terms, the new generation of wireless networks will distribute the workload 

across the cell towers more efficiently and utilize the air time smartly by taking into consideration 

information such as what you are doing on your app, the approximate amount of data that the application 

transmits, and your walking or stationary position. Due to these tests, we can now understand that 

understanding what an app really requires is not a nice-to-have, but it is a necessity in order to make 

mobility functionality run smoothly and intelligently in high-tech phone systems. 

5.2 Network Operators and Researchers 

Speeding up the network and increasing user satisfaction is an easy step in the right direction of 

incorporating app-smart tricks in handoff to routine tasks. Carriers can augment their roaming 

applications with live traffic scanners, crystal-ball applications, which check what each service actually 

requires at this moment. The shift of the intelligence units towards the periphery can also assist in making 

localized decisions, decreasing the use of centralized control to allow faster responses to the handover. 

Also, the operators require an investment in multi-access edge computing infrastructure in order to 

rapidly capture and respond to the application contexts at the network edge. To researchers, the study 

provides a demonstration of how machine learning and data-driven methods might be misused to 

improve the process of handover. Future studies should consider examining such interrelationships in 

the context of using deep reinforcement learning with context prediction models and federated learning 

systems that do not violate user privacy and can be used to implement adaptive mobility policies. It is 

also advisable that researchers explore application-aware handovers in mixed radio access technologies 

(e.g., 5G + Wi-Fi 6E), and it would further expand the flexibility and efficiency of handover 

mechanisms. 

5.3 Future Research and Work Improvement in the Techniques of Handover Decision 

Notwithstanding the positive results, there are a number of areas that require further research. The model 

that is there presupposes the conditions of ideal context collection and also ideal decision computation. 

Nonetheless, the application-aware systems can have a number of problems, such as slow feedback, data 

incompleteness, or improper classification of applications, which can influence their performance. Thus, 

the robustness and fault tolerance of handover decision mechanisms should be enhanced in order to 

enable their implementation in a real-life environment. Thirdly, energy consumption should be 

minimized, particularly when it comes to mobile devices that are used to update the context or make 

predictions regularly. The trade-off between the accuracy of decisions made and the power consumption 

of devices will be a worthy field of research to maximize. Conclusively, the future work will involve 

multi-user cases and multi-cell cases of coordination, whereby the network-wide performance of 

handover strategies is affected by how the users collectively behave. The future stage of facilitating truly 

adaptive and innovative 5G mobility management could be coordinated, application-conscious handover 

between users and access points. 

6 Conclusion 

In the present work, application-aware handover decisions are explained, and they prove to be very 

important in improving the network performance of 5G and future wireless networks. The suggested 

model will incorporate application-level requirements into the handover decision-making to ensure 
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unnecessary handovers, avoid ping-pong rates, and provide high-quality service during various user 

mobilities and network loads. The application-aware approach can be dynamically adjusted to real-time 

and latency-centric services, unlike the traditional signal or load-based approaches, and hence provides 

more reliable connectivity. The resulting assessments indicate impressive gains in handover success 

ratio, average latency, and quality of service satisfaction rate, which means the practical benefit of this 

model to both the users and the network operators. This publication lays stress on context-sensitive 

intelligence in mobility management, given the growing complexity of networks and the variety of 

services. With the development of 5G to 6G, application-sensitive intelligent mechanisms are bound to 

play a critical role in maintaining scalability, user satisfaction, and resource efficiency. Future studies 

are needed on how to streamline handover decisions in these heterogeneous ultra-dense network settings 

using AI-based algorithms integration, edge computing, and multi-network coordination techniques. 
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