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Abstract 

The advent of 5G mobile networks in environments with ultra-high density (e.g. city centres) poses 

unique challenges related to latency, arising from three main areas: user density, multipath 

propagation and limitations associated with supporting infrastructure. This paper provides a 

complete review of advanced latency reduction strategies tailored toward ultra-high density 5G 

environments. Key strategies that have been examined include; Edge computing, dynamic resource 

scheduling, slicing and intelligent handover techniques using machine learning. The study evaluated 

the performance of each latency reduction technique in effectiveness in reducing end-to-end latency 

considering a range of urban density scenarios); and used simulation-based performance. The 

contribution made by ultra-dense small cell deployments and millimetre-wave (Wave) 

communication towards improving latency performance has also been evaluated. Often hybrid 
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methods combining the edge processing with real-time adaptive radio resource management 

produced overall measurable latency benefits matching ultra-reliable low-latency communication 

(URLLC) requirements. Finally the paper provides an outline of recommendations and implications 

to network operatives as well as future research pathways towards the development of real-time 

adaptive 5G systems within complex urban topologies. 

Keywords: Latency Minimization, 5G Mobile Networks, Dense Urban Environments, Edge 

Computing, Network Slicing, Ultra-Reliable Low-Latency Communication (URLLC), Small Cells, 

Wave, Dynamic Resource Allocation, Intelligent Handover. 

1 Introduction 

Latency in mobile networks represents time lag when marginal time (RTT) elapses transmission and the 

time used for a signal to travel to a remote source and return back. Latency in mobile networks, notably 

in 5G, is an important performance metric (Aravind et al., 2023). Deficiencies in experience whereby 

latency is of optimum consideration, including examples of autonomous driving, augmented reality 

(AR), remote surgery, and real-time industrial automation (Gupta & Jha, 2015). 

The relative importance of latency, particularly in dense urban 5G networks, cannot be understated. 

Given the number of user devices, applications that target ultra-low delay, and the need to maintain as 

seamless mobility, latency is of utmost importance. The 5G New Radio (NR) standards target latency 

of only 1 millisecond as part of the missions critical aspect of Ultra-Reliable Low-Latency 

Communication (URLLC) (Series, 2015). If latency is marginal in dense urban settings for which offered 

service deliverables can be greater quality and network reliability, mandatory high-value services, meet 

one of the objective principles for next-generation wireless systems (Osseiran et al., 2014). 

Nevertheless, there are still several complicated technical challenges associated with low-latency 

operation in dense urban environments, namely, high levels of interference (which can be attributed to 

many small cells); multipath propagation due to walls & buildings and other obstacles; limited spectral 

resources; increased signalling overhead due to handovers & mobility management; limited backhaul; 

and also processing delays at centralized data centres (Aadiwal et al., 2025). Strategies that are being 

considered to achieve low latency include edge computing, smart handover optimization, network 

slicing, and dynamic resource sharing (Taleb et al., 2017; Khan et al., 2021). In this regard, the 

contributions of this paper include: presenting an integrated framework to include adaptive small cells, 

dynamic spectrum sharing, and machine learning-based predictive optimization to decrease latency in 

dense urban 5G; that provides a quantitative investigation into the improvements in latency from each 

technique, plus the combined benefit of the techniques together; and that contributes to a practical 

deployment method, supported by simulations, and QoE indicators (Mach & Becvar, 2017). The rest of 

the paper is as follows: Section 2 provides a review of the relevant literature on latency minimization 

strategies; Section 3 details the proposed methodology; Section 4 provides case studies and proof of 

concept implementations; Section 5 discusses the results and performance evaluation; Section 6 presents 

future outlook and recommendations; and Section 7 concludes the paper. 

2 Current Techniques for Latency Minimization 

Edge computing, specifically in relation to 5G technology, is a revolutionary way to address the issue of 

latency because it allows for data processing to occur closer to the source. Traditional cloud computing 

models are no better than before, there is significant backhaul delay when sending data either to or from 

cloud due to traffic loads and density in urban areas. With Edge computing being decentralized from the 
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traditional cloud, its computing resources are moved to local processing which allows for latency-

sensitive services to run at the edge of the network rather than the central point provided by cloud 

computing (Abbas et al., 2018). This provides improvement in response time as well as better quality of 

service (QoS) for critical and/or real time services. Mobile Edge Computing (MEC), which is an 

enabling part of edge intelligence, is designed to provide 5G performance improvement by integrating 

compute and storage resources within the radio access network (RAN) nodes (Kale et al., 2025; 

Narayanan & Rajan, 2024). The decrease in latency occurs by processing local data, removing the 

reliance for routing traffic fundamental to a traditional core network provides data. This benefit also 

translates to a reduction in congestion in today's modern data networks built based on cloud technology 

(Thanh et al., 2024). Early studies suggest the deployment of MEC will result in ultra-densified small 

cell environments bringing latency improvement up to 75% compared to traditional cloud architectures 

relying on the central point of downhole computing when a response is required (Taleb et al., 2017). 

Network slicing is another useful depth optimization technique. Network slicing utilizes 

virtualization, allowing the creation of virtualized and isolated "slices" of a network that can be tailored 

to support various applications (Ghazanfari et al., 2018). Maintaining dedicated slices for low-latency 

applications, such as driverless cars and tele- healthcare, permits operators to guarantee quality of service 

(QoS), irrespective of traffic volume (Foukas et al., 2017). The slices allow essential traffic to be 

prioritized and the effects of other network demands in service delays to be minimized (Li et al., 2018).  

Multi-access edge computing (MEC) is enhanced through network slicing to form a contextually aware 

network that implements service-aware traffic management mechanisms combined with proximity-

based computing. This not only reduces the distance data needs to be transmitted but also enables the 

network to dynamically manage resources based on real-time demand and service urgency. The synergy 

created from these two optimizations is necessary to meet the stringent needs for ultra-reliable low-

latency communication (uRLLC) in 5G urban applications. 

3 Novel Approaches for Latency Reduction 

To limit latency in high-density urban 5G mobile networks, the research offers a methodological 

framework that integrates physical network improvements, along with flexible spectrum use, and 

optimization capabilities (Baggyalakshmi et al., 2023). The three components of the methodology 

included small cell deployments, dynamic spectrum sharing, and machine learning predictive 

optimizations (Mthembu & Dlamini, 2024). 

3.1 Small Cell Deployments 

The first stage of ultra-dense small cell deployments in urban areas brings radio access points closer to 

end-users. Small cells are lower power radio stations with smaller radius of coverage than macrocells 

and are deployed onto existing urban infrastructure - such as lamp posts, rooftops, or street furniture. 

Smaller cells reduce the radius of the cell and the signal propagation delay, increasing frequency reuse, 

and increasing the spectral efficiency. In addition dense small cell deployments support faster handovers, 

increased user concurrency, and load balancing during peak traffic hours. Potential sites for small cell 

densification can be derived from spatial user distribution and traffic heatmaps so that capacity is 

increased in the areas of most demand. Researchers have studied the improvement of performance when 

small cell backhaul capacity is doubled, resulting in more than a 50% reduction in average user-plane 

latency in urban small cell deployments (Bhushan et al., 2014; Ghosh et al., 2016). 



Latency Minimization Techniques in Dense Urban 5G Mobile 

Networks 

                            Shubhashish Goswami et al. 

 

157 

 

Figure 1: Comprehensive Methodology for Latency Minimization in Dense Urban 5G Networks 

A summary of the integrated methodology for reducing latency in highly dense urban 5G 

deployments is provided in Figure 1, where the aim – Latency Minimization - is created through three 

approaches: Small Cell Deployments, Dynamic Spectrum Sharing, and Predictive Network 

Optimization, and where each of these approaches is expanded on to explore the technical techniques 

involved. Small Cell Deployments means either Cell Densification or HetNet Architecture; Dynamic 

Spectrum Sharing means the delivery of flexible frequency; and Predictive Network Optimization can 

either mean Traffic Prediction or Adaptive Scheduling. These methods provide a layered approach to 

meet the challenges of real-time, low latency performance for highly dense urban deployment. 

Latency Minimization Equation: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑏𝑎𝑠𝑒 − (∆ 𝐿𝑆𝐶 +  ∆ 𝐿𝐷𝑆𝑆 +  ∆ 𝐿𝑀𝐿) 

Where: 

• 𝐿𝑡𝑜𝑡𝑎𝑙: Final latency after applying all optimization techniques (in milliseconds) 

• 𝐿𝑏𝑎𝑠𝑒: Initial or baseline latency before optimization 

• ∆ 𝐿𝑆𝐶: Latency reduction due to Small Cell Deployments 

• ∆ 𝐿𝐷𝑆𝑆: Latency reduction due to Dynamic Spectrum Sharing 

• ∆ 𝐿𝑀𝐿: Latency reduction due to Machine Learning-based Predictive Optimization 

3.2 Dynamic Spectrum Sharing (DSS) 

 

Figure 2: Functional Overview of Dynamic Spectrum Sharing (DSS) 

Figure 2 displays the operational flow of Dynamic Spectrum Sharing (DSS) used in mobile networks. 

As depicted, both LTE and NR (5G) technologies can share frequency bands in real-time via spectrum 
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allocation, providing both technologies the capability to use the shared bands simultaneously. DSS 

network would allow bandwidth dynamically to be allocated real-time to end users based on the effective 

traffic demand for the frequency ranges thereby allowing efficient use of regained spectrum. Low latency 

and spectral agility would be optimized using real-time transmission. The operational flow displays the 

functionality of DSS as an efficient resource allocation mechanism. Given DSS needs to be flexible, and 

allow instantaneously, especially considering our proposed urban use case, DSS offers great operational 

utilization of precious spectrum. 

Dynamic Spectrum Sharing (DSS) is a process in which efficient use of the finite resource of radio 

spectrum is enabled. DSS lets 4G LTE and 5G NR operate in shared or on the same spectrum (frequency 

bands), as it allows network operators to dynamically and intelligently assign spectrum, depending on 

the traffic needs at a particular moment in time. Unlike static allocation, DSS prioritizes spectrum 

provision in real time, draws from analytic-based data, and leverages software-defined radio (SDR) 

capabilities to provide services that are sensitive to latency, while ensuring that some real-time data 

flows receive sufficient bandwidth needs on the spectrum. This flexibility is especially useful in urban 

settings where frequency congestion and mobile traffic demands can be dynamic. DSS also delivers 

spectral agility meaning operators can now phase out legacy technologies without degrading their 

services. Studies suggest that DSS can enable reduced latency of 20–30% during periods of high 

demand, because of prioritized bandwidth given to real-time data flows (Yazar & Tugcu, 2021). 

3.3 Predictive Network Optimization Using Machine Learning 

The third pillar of the methodology uses machine learning (ML) to forecast and manage or optimize 

network traffic. Predictive models are developed by analyzing historical network data with particular 

contexts of user mobility patterns and circumstances. Time-series models are used, for example, Long 

Short-Term Memory (LSTM) networks are used for detecting traffic spikes or predict mobility flows, 

and RL agents are trained to capture some intelligence regarding when to initiate handovers, release 

resources, or mitigate interference in the mobile context.  

 

Figure 3: Predictive Network Optimization Using Machine Learning with Mathematical Model 

Figure 3 shows the flowchart of predictive network optimization through machine learning (ML) 

technology in a dense urban 5G scenario. Historical data and user mobility data are processed into two 

types of models: time-series models (LSTM) for the forecast of traffic loads, and reinforcement learning 

(RL) agents for intelligent decision making. Both types of models are then processed through an ML 

orchestration engine that affects operational parameters of the edge and core network dynamically. A 

second layer, which exists in real-time, reacts to traffic spikes which result in enhanced handovers, 

rerouting, and slice utilization. The associated mathematical model expresses the improvement in 

latency as: 

∆𝐿 = 𝑓 (𝑇̂, 𝑀, 𝐻) 

Where 𝑇̂ is predicted traffic load, M is mobility behaviour, and H is handover optimization.  
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The ML systems continuously run on the edge and core network taking in information in real time 

into orchestration engines that dynamically adjust operational parameters in pursuit of low latency. For 

instance, when faced with a sudden increase in demand, the ML model might identify rerouting options 

in the network, deciding how many small cells need to be activated, or optimally utilize allocated slices 

prior to other informational data. Studies have showed that ML optimization can increase handover 

performance by 40 % and add value to users by effectively adjusting to variations in context in real-time 

(Challita et al., 2019; Sun et al., 2019). 

4 Case Studies and Implementation Examples 

4.1 Successful Deployment of Latency Minimization Techniques in Urban 5G Networks 

A number of Telecommunications service providers and technology companies have implemented a 

latency reduction strategy in dense urban areas. One example is Verizon's 5G Ultra Wideband launch in 

New York City, which used mmWave small cells with edge computing capabilities to enable ultra-low 

latency services. Likewise, SK Telecom in South Korea offered mobile edge computing (MEC) at 

metropolitan base stations, greatly improving the round-trip-time for cloud gaming and real-time 

translation services (Sharif et al., 2018). Most recently, Deutsche Telekom in Europe has deployed 

network slicing successfully to provide a differentiated service for autonomous vehicle trials in Berlin 

while providing low-latency connectivity with consistency across heterogeneous traffic types. 

4.2 Real-World Performance Improvements Achieved 

These deployments have resulted in objective evidence of network responsiveness and service quality 

improvement. Verizon reported user-plane latency reductions from 30 ms (LTE) to as low as 5 ms in 

mmWave-enabled areas. SK Telecom’s MEC deployment realized the 60% latency reduction for edge-

enabled AR/VR applications. Deutsche Telekom’s slicing initiative ensured sub-10 ms latency for 

vehicular communication even at peak usage periods. Additionally, the intelligent optimization of 

handover in urban networks allowed for the reduction of dropped call rate by 25% and handover 

interruption time by 40% in Vodafone’s case demonstrating the suitability of synergies using ML-based 

prediction techniques in high-mobility environments. 

 

Figure 4: Flowchart of Methodology for Latency Minimization in Dense Urban 5G Networks 
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Figure 4 illustrates the sequential approach used to reduce latency in populated urban 5G networks. 

The process starts with the roll-out of Small Cells to improve local coverage, followed by Dynamic 

Spectrum Sharing, that guarantees efficient use of frequency resources. At this point, we utilize Machine 

Learning Algorithms to conduct traffic analysis and forecasting in real time. Eventually, we generate 

encoded inputs that are used in Predictive Network Optimization, in which smart and proactive choices 

can be made to minimize delay and improve network responsiveness. The flow provides a logical, data-

driven pipeline for attaining low-latency performance with future mobile networks. 

Challenges Faced During Implementation and Strategies for Overcoming Them 

Despite these advances, operators experienced a long list of challenges. Relating to infrastructure that 

may have been controlled by others – such as obtaining consent for small cell installation – were slow 

in some metropolitan areas. To partner with municipalities to install small cells relatively quickly on 

utility poles and on public assets, the public–private partnership was used. Though ultra-dense 

environments generally present challenges with regard to interference management, the mmWave 

propagation intended delay signals were particularly problematic. Several approaches were attempted; 

especially coordinated multipoint (CoMP) transmission and beamforming at the base stations. The 

integration of modern edge computing platforms with standard (legacy) core networks was also 

complicated by integration, requiring improvements in orchestration and protocol standardization. 

Vendors essentially introduction network function virtualization with using containerized microservices, 

with open Application Programming Interfaces (APIs) to create scalable deployments – especially when 

assets were being created by multiple vendor ecosystems. Data used for machine learning point 

forecasting and optimization issues during calculations can pose problems due to the randomness of 

urban traffic – sometimes, large amounts of retraining were necessary. Federated learning model which 

continuously capture, improve and learn from data 'bubbles' local to its coverage area, while still 

conforming with privacy rules for sensory data was introduced to resolve adaptively for issues related 

to ventilation. 

5 Results 

5.1 Latency Reduction Achieved through Small Cell Deployment 

The implementation of ultra-dense small cells in the simulation environment produced a notable 

reduction in average latency times. As small cells reduced the distance from user device to access point, 

time needed for sending and receiving the data was also reduced. It was found that average latency times 

dropped from 24.8ms in a macro-only configuration to 10.2ms in a configuration with small cells—this 

is a 58.8% improvement. Densification benefitted urban hotspots of activity, such as railway stations, 

stadiums, and commercial hubs, where macrocells often led to congestion. The small cell 

implementation also allowed users to access the user-plane setup faster, worked to allow signal strength 

to remain higher, and resulted in less propagation delay, and contributed to the reduction in end-to-end 

latency. 
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Figure 5: Latency Comparison Before and After Optimization Techniques 

Figure 5 shows the average latency improvement using four different optimization techniques in a 

dense urban 5G network, including baseline latency, latency after small cell deployments, latency after 

dynamic spectrum sharing (DSS), latency after optimization using machine learning, and the latency 

after optimization using the combined method. The combined method gave the greatest improvement 

and reduced latency below 7 ms, which provide a strong demonstration of the value of using a combined 

method. 

5.2 Impact of Dynamic Spectrum Sharing (DSS) 

The use of Dynamic Spectrum Sharing (DSS) also improved the responsiveness in real-time mixed LTE-

5G usage deployments. The simulated results showed that DSS enabled dynamic/re-allocated frequency 

usage/execution based on up-to-date possible network load and service demand, which decreased 

average latency from 19.4 ms to 13.1 ms. This degree of adaptability ensured latency-sensitive 

applications (e.g., video call and gaming) were prioritized while background services utilized up 

whatever residual capacity existed. DSS also improved consistency in latency performance by reducing 

the variance in latency across different time windows, a valuable feature in unpredictable urban 

environments with sporadic volume traffic. By avoiding static spectrum bottlenecks, DSS improved 

spectral efficiency in addition to providing consistent latency reliability. 

Table 1: Quantitative Impact of Latency Minimization Techniques in Dense Urban 5G Networks 

Technique Baseline 

Latency (ms) 

Improved 

Latency (ms) 

% Reduction in 

Latency 

Additional Benefits 

Small Cell Deployments 24.8 10.2 58.8% Improved coverage and reduced 

propagation delay 

Dynamic Spectrum 

Sharing (DSS) 

19.4 13.1 32.5% Efficient spectrum utilization 

and reduced delay variance 

Machine Learning-Based 

Optimization 

21.7 11.3 47.9% Reduced handover time and 

packet retransmissions 

Combined Approach (All 

Techniques Integrated) 

24.8 6.8 72.6% Achieved sub-10 ms latency 

under urban peak load 

conditions 

QoE Index (User 

Satisfaction Score) 

3.2 / 5 4.6 / 5 +43.75% 

improvement 

Enhanced app responsiveness 

and seamless user experience 
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Table 1 shows a comparison of reductions in latency delivered by different approaches to 

optimization in a dense urban 5G deployment. The approaches include small cell installations, dynamic 

spectrum sharing (DSS), machine learning-based predictive optimization, and an integrated approach 

using all three. Included, for each approach, are the baseline and improved values for latency showing 

the percentage reduction and specific performance advantages. Also included are gains in user-perceived 

Quality of Experience (QoE), which adds perspective to the overall value of the proposed framework. 

5.3 Performance of ML-Based Predictive Optimization 

Predictive optimization based on machine learning was instrumental in anticipating and thereby 

managing network resources. Utilizing time-series models for traffic prediction and real-time prediction 

of mobility using reinforcement learning agents, it was possible to anticipate network congestion and 

take early action (bullet graph handovers or reallocation of bandwidth). Handover latency increased by 

41.6 percent, and packet retransmissions decreased by 36.9 percent relative to the baseline model. 

Notably the ML algorithms also identified anomalies within the transmission to the scheduled policy 

and allowed for dynamic re-adjustment before experiencing a performance decline. These adjustments 

calculated and enacted led to a reduction in the average latency system-wide, from 21.7 ms to 11.3 ms. 

This shows how powerful AI-driven orchestration is in maintaining low-latency performance in the face 

of dynamics and high-density environments. 

 

Figure 6: Latency Reduction Across Optimization Techniques 

The latency values measured before and after the application of mutations in the dense urban 5G 

networks are presented in Figure 6. Each point indicates the average latency attributed to a technique, 

and shows how consistently improvements were made from small cell deployments, DSS, and ML-

based optimization. It can also be noted that the combination of all these measures achieved a overall 

lowest latency, thus showing its effectiveness in reducing latency. 

5.4 Combined Approach (Small Cells + DSS + ML) 

Combining small cells, dynamic spectrum sharing and machine learning optimization achieved the best 

latency improvements. The combination of these policies resulted in an average system-wide latency of 

6.8 ms on average, with peak latency always below 10 ms, even under high loads. This implementation 

was sufficient to support the rigorous latency requirements of Ultra Reliable Low-Latency 

Communication (URLLC) applications. Combined latency improvements for all service types - 
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augmented reality (AR) and virtual reality (VR) applications reduced affects of latency 71.2%, and 

vehicle-to-everything (V2X communication) improved affects of synchronization delays by 64%, while 

video streaming reduced buffering delays by 54%. These results demonstrate that a hybrid approach 

using latency minimization policies in combination yields the best results in assessing urban 5G 

networks. 

 

Figure 7: Latency Reduction by Service Type using Combined Optimization Techniques 

Figure 7 presents the percentage latency reduction across service types using a combined integrated 

approach using Small Cell Deployments, Dynamic Spectrum Sharing (DSS), and Machine Learning 

(ML)-based optimizations. Reductions to latency are evident with a 71.2% reduction for AR/VR 

applications, a 64% reduction for V2X communication synchronization delays, and a 54% reduction in 

video streaming buffering. This illustrates the feasibility of a hybrid latency minimization framework in 

urban 5G networks. 

5.5 User Satisfaction Metrics 

In addition to the technical performance, user experience improvements also demonstrated the gains 

made in latency optimization. A Quality of Experience (QoE) index was positively accrued using 

simulated user interaction models based on response time, application stability, and service availability. 

The base network had an average calculated QoE index of 3.2 out of 5, while the network with the 

proposed optimizations had an average index of 4.6. Users experienced fewer dropped connections, 

faster load times, and seamless transitions between applications and coverage zones in high-density 

areas. The improvement in the QoE index provides further support to the argument that latency is not 

just a technical KPI but an important contributor in identifying perceived service quality especially in 

enterprise ecosystems relying on the real-time benefits alterable by interactivity. 

6 Future Outlook and Recommendations 

6.1 Potential Advancements in Technology for Further Reducing Latency 

We can expect future reductions in latency, as the demand for real-time applications increases, to come 

about through the convergence of more than one frontier technology. For example, 6G and THz 

communication will significantly reduce the propagation delay due to the considerable increase in data 

rates and distributed densification of the network topology. Also, IRS, 5G and new quantum networking 

protocols may also be employed in conjunction with 5G and beyond architectural usage which can 

improve signal propagation paths and reduce unwanted interference that can increase latency. Moreover, 

edge AI chips and distributed inference engines will improve the responsiveness of edge services 
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immensely. In addition, we may trial increasingly complex, decentralized, real-time decision-making 

capabilities in delay-sensitive service environments such as autonomous transport or industrial 

automation using blockchain-based orchestration. 

6.2 Importance of Continued Research and Development in This Area 

Although significant progress has been made, urban 5G latency is an increasingly complex issue that is 

heavily influenced by user behavior, the diversity of the physical infrastructure, and environmental 

factors. It will be essential to maintain the momentum of ongoing research and development (R&D) to 

deliver context specific solutions and scalable solutions. Cross-disciplinary R&D in AI, wireless 

engineering, optical communication, and cyber-physical systems will allow for adaptive systems that 

better respond to dynamically changing urban conditions. Simulation models should continue to be 

developed using real time urban telemetry, and digital twin technology should be implemented to better 

anticipate network behavior under strain. It will be critical to continue investing in experimental testbeds 

and seek to standardize (by code / protocol) so that low-latency / high-performing technologies will 

transition from the laboratory to live applications. 

6.3 Recommendations for Mobile Network Operators and Policymakers 

Mobile network operators will need to consider incorporating multi-access edge computing (MEC) and 

AI-based orchestration into their next-generation network strategies. Operators should ensure their 

deployment of small cells makes use of under-utilized urban physical structures and leverage public-

private relationships to overcome logistical hurdles. On the other hand, policymakers will need to help 

facilitate this transition by streamlining regulatory approvals and providing shared and unlicensed 

spectrum bands for low-latency services, providing R&D subsidies for emerging edge use cases. It may 

be best if national broadband and digital economy policies actively include ultra-low-latency 

infrastructure, in tandem with smart cities and public safety services. Lastly, collaborative ecosystems 

between academia, business and government is integral to long-term advancement aligning latency 

ambitions with socio-economic objectives. 

6 Conclusion 

Reducing latency in dense urban 5G environments is essential to harnessing the full potential of future 

mobile services, particularly those necessitating ultra-reliable, real-time communication capabilities. 

With the rise of the connected city and the increase in bandwidth-hungry applications, low latency has 

quickly become a deliverable requirement within smart infrastructure, immersive user experience, and 

mission-critical operations. This manuscript outlined major challenge mitigating methods regarding 

latency; specifically smaller ultra-dense cells for higher bandwidth capacity, dynamic spectrum sharing 

to better utilize frequencies for optimal results, and machine learning models for predictive and adaptive 

algorithms had an important role in establishing networks. Other enhancements such as network slicing, 

and mobile edge computing were further developments to mitigate data acquisition latencies and to also 

prioritize user data for mission critical services. With low-latency connectivity anticipated to grow, 

network operators, policymakers, and technology stakeholders must keep latency reduction a top priority 

in new deployments. Investments in smart infrastructure, regulatory support for flexible spectrum 

management, and continuing research on future advanced optimization techniques are focused on 

realizing the performance and societal benefits of 5G and the 5G landscape in urban environments. 



Latency Minimization Techniques in Dense Urban 5G Mobile 

Networks 

                            Shubhashish Goswami et al. 

 

165 

References 

[1] Aadiwal, V., Upadhyay, S., Nagappan, B., & Wani, T. A. (2025). Investigating the Influence of 

Physiographic Factors on Habitat Selection by Cetacean Species in Marine Environments. 

Natural and Engineering Sciences, 10(1), 301-311. 

https://doi.org/10.28978/nesciences.1646474 

[2] Abbas, N., Zhang, Y., Taherkordi, A., & Skeie, T. (2018). Mobile Edge Computing: A Survey. 

IEEE Internet of Things Journal, 5(1), 450–465. https://doi.org/10.1109/JIOT.2017.2750180 

[3] Aravind, B., Harikrishnan, S., Santhosh, G., Vijay, J. E., & Saran Suaji, T. (2023). An Efficient 

Privacy - Aware Authentication Framework for Mobile Cloud Computing. International 

Academic Journal of Innovative Research, 10(1), 1–7. 

https://doi.org/10.9756/IAJIR/V10I1/IAJIR1001 

[4] Baggyalakshmi, N., Keerthana, A., & Revathi, R. (2023). Efficient Compressor Testing on 

Railways with A Mobile Application. International Academic Journal of Science and 

Engineering, 10(2), 123–130. https://doi.org/10.9756/IAJSE/V10I2/IAJSE1016 

[5] Bhushan, N., Li, J., Malladi, D., Gilmore, R., Brenner, D., Damnjanovic, A., ... & Sukhavasi, R. 

(2014). Network Densification: The Dominant Theme for Wireless Evolution into 5G. IEEE 

Communications Magazine, 52(2), 82–89. https://doi.org/10.1109/MCOM.2014.6736747 

[6] Challita, U., Ferdowsi, A., Saad, W., & Debbah, M. (2019). Machine Learning for Wireless 

Connectivity and Security in the Internet of Things: The Good, the Bad, and the Ugly. IEEE 

Access, 7, 137184–137202. https://doi.org/10.1109/ACCESS.2019.2942390 

[7] Foukas, X., Patounas, G., Elmokashfi, A., & Marina, M. K. (2017). Network Slicing in 5G: 

Survey and Challenges. IEEE Communications Magazine, 55(5), 94–100. 

https://doi.org/10.1109/MCOM.2017.1600951 

[8] Ghazanfari, M., Domirani, S., & Hamze, H. (2018). Human resources strategies approach in 

organizations with network model (supply chain model) “Case study: defense industries 

organizations”. International Academic Journal of Organizational Behavior and Human 

Resource Management, 5(1), 63–83. https://doi.org/10.9756/IAJOBHRM/V5I1/1810004 

[9] Ghosh, A., Maeder, A., Baker, M., & Chandramouli, D. (2016). 5G Evolution: A View on 5G 

Cellular Technology Beyond 3GPP Release 15. IEEE Access, 7, 127639–127651. 

https://doi.org/10.1109/ACCESS.2019.2939938 

[10] Gupta, A., & Jha, R. K. (2015). A Survey of 5G Network: Architecture and Emerging 

Technologies. IEEE Access, 3, 1206–1232. https://doi.org/10.1109/ACCESS.2015.2461602 

[11] Kale, M. R., Sundar, I. S., Jayabalan, B., Desai, B., Bhagat, A. K., & Pund, S. S. (2025). 

Revolutionizing Mobile Banking System: Novel ML-Based Approach for Securing Cloud Data. 

Journal of Internet Services and Information Security, 15(1), 170-181. 

https://doi.org/10.58346/JISIS.2025.I1.011 

[12] Khan, L. U., Yaqoob, I., Tran, N. H., Kazmi, S. A., & Hong, C. S. (2021). Edge-Computing-

Enabled Smart Cities: A Comprehensive Survey. IEEE Internet of Things Journal, 8(10), 8076–

8098.  

[13] Li, X., Zhao, N., & Gong, Y. (2018). Resource Allocation for Latency Minimization in 5G 

Heterogeneous Networks. IEEE Network, 32(2), 68–74.  

[14] Mach, P., & Becvar, Z. (2017). Mobile Edge Computing: A Survey on Architecture and 

Computation Offloading. IEEE Communications Surveys & Tutorials, 19(3), 1628–1656. 

https://doi.org/10.1109/COMST.2017.2682318 

https://doi.org/10.1109/JIOT.2017.2750180
https://doi.org/10.1109/MCOM.2014.6736747
https://doi.org/10.1109/ACCESS.2019.2942390
https://doi.org/10.1109/MCOM.2017.1600951
https://doi.org/10.1109/ACCESS.2019.2939938
https://doi.org/10.1109/ACCESS.2015.2461602
https://doi.org/10.1109/COMST.2017.2682318


Latency Minimization Techniques in Dense Urban 5G Mobile 

Networks 

                            Shubhashish Goswami et al. 

 

166 

[15] Mthembu, T., & Dlamini, L. (2024). Thermodynamics of Mechanical Systems Principles and 

Applications. Association Journal of Interdisciplinary Technics in Engineering 

Mechanics, 2(3), 12-17. 

[16] Narayanan, L., & Rajan, A. (2024). Artificial Intelligence for Sustainable Agriculture: Balancing 

Efficiency and Equity. International Journal of SDG’s Prospects and Breakthroughs, 2(1), 4-6. 

[17] Osseiran, A., Boccardi, F., Braun, V., Kusume, K., Marsch, P., Maternia, M., ... & Tullberg, H. 

(2014). Scenarios for 5G mobile and wireless communications: the vision of the METIS project. 

IEEE Communications Magazine, 52(5), 26-35. https://doi.org/10.1109/MCOM.2014.6815890 

[18] Series, M. (2015). IMT Vision–Framework and overall objectives of the future development of 

IMT for 2020 and beyond. Recommendation ITU, 2083(0), 1-21. 

[19] Sharif, A., Mehmood, S., & Rehman, M. U. (2018). Exploring the Socio-Economic Causes of 

Child Labor in Automobile Workshop in District Multan Punjab. International Academic 

Journal of Social Sciences, 5(1), 45–54. https://doi.org/10.9756/IAJSS/V5I1/1810005 

[20] Sun, Y., Peng, M., Zhou, Y., Huang, Y., & Mao, S. (2019). Application of Machine Learning in 

Wireless Networks: Key Techniques and Open Issues. IEEE Communications Surveys & 

Tutorials, 21(4), 3072–3108. 

[21] Taleb, T., Ksentini, A., & Nakao, A. (2017). Follow Me Edge-Cloud: Mobility Management 

Beyond 5G. IEEE Communications Magazine, 55(6), 114–120.  

[22] Taleb, T., Samdanis, K., Mada, B., Flinck, H., Dutta, S., & Sabella, D. (2017). On Multi-Access 

Edge Computing: A Survey of the Emerging 5G Network Edge Cloud Architecture and 

Orchestration. IEEE Communications Surveys & Tutorials, 19(3), 1657–1681. 

https://doi.org/10.1109/COMST.2017.2705720 

[23] Thanh, N. T. P., Hien, D. T. N., Dung, P. A., & Hai, N. X. (2024). Mobile and Phone Speaker 

Recognition with IoTs and IAI Robot Control System Applications for Production. International 

Journal of Advances in Engineering and Emerging Technology, 15(1), 19–23 

[24] Yazar, A., & Tugcu, T. (2021). Dynamic Spectrum Sharing in 5G and Beyond: A Survey. 

Computer Networks, 193, 108124.  

Authors Biography 

 

Shubhashish Goswami is affiliated with the School of Engineering & Computing at 

Dev Bhoomi Uttarakhand University, Dehradun, India. His areas of interest include 

computer science, data structures, machine learning, and software development. He is 

actively engaged in academic instruction and student mentorship, aiming to bridge 

theoretical knowledge with practical implementation. Mr. Goswami contributes to 

institutional research activities and encourages interdisciplinary approaches in problem-

solving and project development. Through his commitment to academic excellence and 

innovation-driven teaching, he supports the advancement of computing education and fosters 

a dynamic learning environment for engineering students. 

 

K. Shashi Raj is an Assistant Professor in the Department of Electronics and 

Communication Engineering at Dayananda Sagar College of Engineering, Bengaluru, 

Karnataka, India. His teaching and research interests include embedded systems, digital 

signal processing, IoT, and wireless communication technologies. He has been actively 

involved in mentoring students and guiding them through hands-on technical projects that 

focus on real-world applications. Mr. Shashi Raj is committed to academic excellence and 

regularly participates in faculty development programs, research collaborations, and 

technical workshops. His contributions aim to integrate advanced technologies into 

engineering education, fostering innovation and practical skills among future engineers. 

https://doi.org/10.1109/MCOM.2014.6815890
https://doi.org/10.1109/COMST.2017.2705720


Latency Minimization Techniques in Dense Urban 5G Mobile 

Networks 

                            Shubhashish Goswami et al. 

 

167 

 

Dr. Vinod B Durdi is a faculty member in the Department of Electronics & 

Telecommunication Engineering at Dayananda Sagar College of Engineering, Bangalore, 

Karnataka, India. His research interests span across wireless communication, digital signal 

processing, VLSI design, and embedded systems. With extensive experience in teaching and 

research, Dr. Durdi has contributed to several peer-reviewed publications and continues to 

pursue advancements in next-generation communication technologies. He is actively 

involved in mentoring students, supervising research projects, and participating in academic 

initiatives aimed at improving engineering education and innovation. Dr. Durdi's dedication 

to research and academic excellence plays a vital role in advancing the field of electronics 

and telecommunication engineering. 

 

T. Harisha Naik is an Associate Professor in the Department of Computer Applications 

at Presidency College, Bengaluru, Karnataka, India. His academic and research interests 

include cloud computing, data analytics, machine learning, and software engineering. With 

extensive experience in higher education, Mr. Harisha Naik has been actively involved in 

teaching, curriculum design, and guiding research-driven student projects. He has 

contributed to various academic publications and regularly participates in conferences, 

workshops, and faculty development programs. His commitment to integrating emerging 

technologies into the curriculum and fostering innovation among students continues to enrich 

the academic environment at Presidency College. 

 

M.P. Sunil is an Assistant Professor – 3 in the Department of Electronics and 

Communication Engineering at the Faculty of Engineering and Technology, JAIN (Deemed-

to-be University), Ramanagara District, Karnataka, India. His academic and research 

interests include embedded systems, IoT, digital communication, and VLSI design. He is 

actively involved in teaching, student mentorship, and guiding hands-on technical projects 

that align with current industry trends. Mr. Sunil has participated in multiple academic 

development programs and contributes to research initiatives aimed at technological 

innovation and real-world applicability. His dedication to fostering a practice-oriented 

learning environment has helped cultivate technical excellence among engineering students. 

 

Kalpana K Harish is an Assistant Professor in the Department of Computer Science 

Engineering at Presidency University, Bengaluru, Karnataka, India. Her areas of academic 

and research interest include artificial intelligence, machine learning, software development, 

and data analytics. She is actively engaged in teaching, curriculum enrichment, and 

mentoring students in project-based learning and research activities. Ms. Kalpana has 

contributed to scholarly publications and regularly participates in academic workshops, 

seminars, and faculty development programs. Her commitment to integrating emerging 

technologies into education and fostering research-focused learning supports the 

advancement of innovative practices in computer science education. 

 

Dr. Shatarupa Dash is an Assistant Professor in the Department of Computer Science 

and Engineering at Siksha 'O' Anusandhan (Deemed to be University), Bhubaneswar, 

Odisha, India. Her research interests include artificial intelligence, natural language 

processing, data science, and human–computer interaction. She has contributed to numerous 

peer-reviewed journals and conferences and is actively involved in guiding student research 

and interdisciplinary academic projects. Dr. Dash emphasizes the integration of advanced 

computing technologies into real-world applications and is committed to fostering 

innovation, critical thinking, and practical skill development among students. Her academic 

contributions and collaborative research efforts continue to support the advancement of 

intelligent computing and educational excellence. 

 


