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Abstract. Heterogeneous networks (HetNets) enhance wireless communication 
by integrating various access technologies. However, efficient channel allocation 
remains a key challenge due to interference and diverse traffic demands. This 
paper introduces an Adaptive Multi-Metric Channel Allocation (AMMCA) 
algorithm that utilizes real-time parameters such as SINR, interference, and 
user priority to dynamically allocate channels. Simulation in NS-3 demonstrates 
improvements in throughput, delay, and packet loss over existing methods, 
making AMMCA suitable for 5G and future networks.
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1.	 Introduction

The advancement in wireless devices and mobile applications has also widened the need 
for the higher, reliable, and scalable communication networks. In order to satisfy these 
requirements, the integration of different types of RATs that include macro, micro, pico 
and femto cells has resulted in the development of HetNets.

HetNets allow various devices along with the infrastructure elements to share 
the spectrum and work collectively. That said, this architectural improvement aims at 
improving performance and user experience but, brings several acute issues concerning 
the channels’ resource management. Due to increase in the number of active connected 
devices the level of interferences and dynamic traffic loads cannot be efficiently handled 
by the traditional static or semi-dynamic distributed allocation methods.

Channel selection in HetNets is a complex process that depends on certain 
parameters like signal intensity, users’ mobility, traffic intensity, and interference level. In 
those situations, where the users are in the overlapping of coverage zones, the improper 
allocation of channels will result into decreased efficiency due to co-channel interference 
and unfair sharing of the bandwidth.

Channel allocation strategies are basically of two types – fixed channel allocation and 
dynamic channel allocation. The fixed allocation is easy to employ since the resources 
are evenly split among the different departments or projects but they are not flexible 
enough. As mentioned earlier, dynamic schemes are more flexible than the static ones 
but require more computational efforts. Some try to combine both and this too presents 



	 2

its problems in real time response especially in a high density environment. Therefore, 
it is eminent to have an algorithm that is capable of performing the specific function to 
network dynamics without losing scalability and computational complexity.

This is the general concept of my intended research; to design a new Adaptive 
Multi-Metric Channel Allocation (AMMCA) algorithm that will allow for the 
optimization of channel allocation by considering the parameters of the specific network 
in use such as SINR, priorities of different users and the load of traffic observed in the 
network on time. This is basically done in order to achieve a compromise on processing 
power and practicalities of computations.

As for how AMMCA scores each channel for a user, each channel is then assigned 
one score that is calculated based on several scores calculated from the multiple metrics. 
This scoring system also allows the channels to be assigned taking into account factors 
such as the probability of interference and user type (for instance, emergency and normal 
users). The integrated approach makes the distribution of resources more fair and less 
sensitive to the initiation of sabotage.

One of the final concepts to note in AMMCA is its re-evaluation loop, which enables 
the algorithm to make a special check and redistribution of the associated channels 
contingent on the implementation of the changing networks. This is so especially in 
HetNet where mobility of the users and traffic fluctuation could significantly change the 
interference scenario.

Fig. 1. Heterogeneous Network Architecture showing Macro, Micro, Pico, and Femtocells with Overlapping 
Coverage Areas and User Interference Zones

To ensure the effectiveness of the developed algorithm, the simulation experiment 
was carried out using the NS-3 tool that simulates a HetNet environment with different 
types of users and base stations. Some of the goals of the research work include the 
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assessment of the performance analysis metrics-such as throughput, end-to-end delay 
and packet loss –when implemented within the architecture of work as compared to 
standard static and heuristic solutions.

This implies that AMMCA enhance the whole network performance especially 
in high traffic and heavy user population scenario. YNC has better adaptability due to 
which overall user experience is better, latencies are lower, and data throughput is higher 
and therefore, it can be used for next generations of communication which may include 
5G and beyond.

In summary, this paper contributes a scalable, adaptive, and performancedriven 
channel allocation strategy for heterogeneous networks. The proposed model lays a 
strong foundation for future enhancements using machine learning, reinforcement 
learning, and software-defined networking for even smarter and more autonomous 
resource management.

2.	 Related Work

Several channel allocation strategies have been proposed for heterogeneous and multi-
tier networks, each with varying degrees of efficiency, complexity, and adaptability.  
[1–6]

One commonly used approach is static channel reuse, which pre-assigns channels 
to cells based on a fixed pattern. While easy to implement, this method lacks flexibility 
and performs poorly in dynamic environments with fluctuating traffic and interference.

Another method relies on greedy heuristics, where channels are assigned iteratively 
based on the current best metric (e.g., signal strength or interference level). Although this 
approach can offer improved performance over static allocation, it is computationally 
intensive and often fails to find globally optimal solutions. [7–13]

Game-theoretic models have also been applied to the channel allocation problem. 
These models treat each base station or user as a rational agent competing for resources. 
While theoretically robust, their practical deployment can be limited due to convergence 
issues and scalability problems in ultra-dense networks.

More recently, machine learning-based adaptive algorithms have been explored. 
These methods attempt to learn optimal allocation policies from data, enabling real-
time decisions. However, most of these algorithms struggle with delayed learning 
convergence and lack responsiveness to rapid topology or traffic changes. [14–20]

Hybrid models that combine learning-based prediction with real-time feedback 
mechanisms have shown promising results in simulated environments. Still, they often 
require significant tuning and infrastructure support, which may not be feasible in legacy 
systems. [21–26]

Additionally, some techniques use cost-function minimization to balance channel 
load and interference. These often rely on centralized architectures and may not scale 
well in decentralized or distributed network settings. [27–32]

Fuzzy logic and bio-inspired algorithms (e.g., genetic or ant colony optimization) 
have also been employed for dynamic resource allocation. While these are flexible 
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and adaptable, they typically introduce high computational overhead, which can be a 
bottleneck in real-time applications.

Another noteworthy approach involves spectrum sensing in cognitive radioenabled 
HetNets to exploit unused frequency bands. These models require precise sensing 
capabilities and are prone to sensing errors, which degrade performance.

Nonetheless, the majority of the aforementioned models is not adaptive in real-time 
or is way too complex to be implemented in a real-world setting. This is a gap that the 
proposed Adaptive Multi-Metric Channel Allocation ( AMMCA ) algorithm is going 
to address by providing a mean between performance, flexibility, and time complexity.

3.	 Proposed Methodology

This paper introduces a new channel allocation scheme namely Adaptive MultiMetric 
Channel Allocation (AMMCA) for heterogenous network. The working model of the 
methodology involves organized, step by step procedure where channel assignment 
depends more on certain parameters like SINR, interference and user priority.

3.1  System Overview

Its network architecture comprised by macro, micro and femto cells which are having 
overlapping coverage area. Being aware of the traffic load and mobility of each user 
equipment (UE), it requests channel access from the base station (BS). It operates in a 
single or multiple controllers to determine the best channel for the UE among all those 
available.

3.2  Metric Collection

For each user ui, the following real-time metrics are gathered:

Table 1. Comparison of Existing Channel Allocation Techniques in HetNets
Technique Approach Type Advantages Limitations

Static Reuse 
Pattern Fixed Allocation Simple implementation, 

low overhead

Inefficient in dynamic 
traffic and interference 
scenarios

Greedy Heuristic Dynamic Allocation Adaptive to network load, 
better than static

Computationally 
expensive, suboptimal 
under high user density

Game-Theoretic 
Models

Decentralized Decision 
Making

Theoretical robustness, fair 
allocation

Slow convergence, not 
scalable in dense networks

ML-Based 
Adaptive 
Allocation

Data-Driven Learning Learns from environment, 
real-time decisions

Requires training, suffers 
in rapidly changing 
environments

Cost Function 
Optimization Centralized Control Optimization of 

interference and fairness
Central control needed, 
latency issues

Fuzzy/Bio-Inspired 
Algorithms Soft Computing Flexible and adaptive High computation cost, 

convergence concerns
Cognitive Radio-
based Allocation

Spectrum Sensing Dynamic spectrum access, 
high spectrum efficiency

Sensitive to sensing errors, 
hardware dependency

Hybrid Models Combined Static + 
Dynamic

Balances trade-offs 
between approaches

Complexity in coordination 
and parameter tuning
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	● Signal-to-Interference-plus-Noise Ratio (SINR): Measures signal quality.
	● Interference Level: Current channel interference.
	● User Priority: Emergency or premium users are ranked higher.
	● Channel Occupancy: Indicates whether a channel is currently in use.

3.3  Utility Score Calculation

A utility score Sij is calculated for each user ui and each available channel cj using the 
following weighted function:

Sij = α • SINRij + β • (1 − Interferencej) + γ • Priorityi	 (1)

Here, α, β, and γ are weighting parameters determined empirically.

Fig. 2: Flowchart of the AMMCA Algorithm for Channel Allocation

3.4  Channel Assignment

The controller selects the channel with the highest score for each user:

This allocation is updated periodically based on changing network conditions.

3.5  Re-evaluation and Optimization Loop

The system periodically reevaluates all channel-user pairs to adapt to user mobility and 
traffic variations. If performance degrades, reallocation is triggered automatically.
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4.	 System Model
The proposed system is modeled as a heterogeneous wireless network consisting of 
multiple tiers including macro, micro, and femtocell base stations (BSs). These base 
stations provide overlapping coverage areas to support a dense and diverse set of 
user equipment (UEs). Each BS is connected to a centralized or distributed controller 
responsible for coordinating channel allocation.

Let the following notations define the network:
	● C = {c1,c2,...,cn}: Set of available channels
	● U = {u1,u2,...,um}: Set of active users (UEs)
	● Aij: Binary assignment matrix, where Aij = 1 if channel cj is assigned to user ui, 

otherwise 0
	● Sij: Utility score for user ui on channel cj

Each user ui sends a request to the nearest base station. The base station evaluates all 
available channels cj using real-time parameters such as:

	● Signal-to-Interference-plus-Noise Ratio (SINR): Indicates signal quality 
perceived by the user.

	● Interference Level: Estimated interference on each channel.
	● Priority Level: Application-based user priority (e.g., emergency, premium, 

regular).
	● Channel Load: Number of current users sharing the same channel.

The network controller aggregates these inputs and computes the utility score for 
each channel-user pair. Therefore, depending on the maximum score, the proper channel 
is selected for the particular user with the lowest interference and the most rational 
distribution of the bandwidth.

Fig. 3. System Model Illustrating Channel Allocation in a Multi-tier Heterogeneous Network
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5.	 Proposed Algorithm: Adaptive Multi-Metric Channel Allocation 
(AMMCA)

In this section, therefore, the AMMCA algorithm for channel allocation in a heterogeneous 
network to users is introduced whereby users will be assigned channels depending on the 
evaluated metrics of SINR, interferences, and priority.

5.1  Algorithm Steps

The AMMCA operates in five key stages:

1.	  Metric Collection: For each user ui, gather real-time values for SINR, channel 
interference, user priority, and current channel load.

2.	  Utility Score Calculation: For each available channel cj and user ui, calculate the 
utility score Sij using:

Sij = α • SINRij  + β • (1 − Interferencej) + γ • Priorityi

where α, β, and γ are tunable weights.

3.	  Channel Selection: Assign the channel with the maximum utility score to the 
user:

4.	  Allocation Confirmation: Update the allocation matrix Aij and broadcast 
assignments to the network.

5.	  Re-evaluation Loop: Periodically reevaluate all user-channel pairs. Trigger 
reallocation if network performance degrades or user mobility changes 
significantly.

5.2  Algorithm Efficiency

The AMMCA algorithm is designed to minimize the trade-off between real-time 
adaptability and computational overhead. The time complexity is O(mn) for m users and 
n channels in each allocation cycle.

5.3  Performance Comparison

Table 2 compares the performance of AMMCA against static and greedy allocation 
techniques.

Table 2. Performance Comparison of Channel Allocation Algorithms

Metric Static Allocation Greedy Heuristic AMMCA (Proposed)

Throughput (Mbps) 52.4 61.8 74.6

Delay (ms) 78 65 41

Packet Loss (%) 11.2 6.3 3.1
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5.4  Graphical Representation

Fig. 4. Throughput Comparison Across Different Allocation Techniques

Fig. 5: Delay and Packet Loss Comparison Across Methods

6.	 Simulation and Results
To evaluate the performance of the proposed Adaptive Multi-Metric Channel Allocation 
(AMMCA) algorithm, simulations were conducted using the NS-3 network simulator. 
The simulation scenario was designed to mimic a realistic heterogeneous network 
environment with multiple overlapping layers and varying traffic conditions.

6.1  Simulation Setup

The simulation environment consists of:

	● Simulator: NS-3
	● Duration: 120 seconds per scenario
	● Base Stations: 3 macro, 5 micro, and 10 femtocells
	● User Equipments (UEs): 60 mobile users (randomly distributed)
	● Traffic Type: Mixed (voice, video, best-effort)
	● Mobility Model: Random waypoint for users
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6.2  Performance Metrics

The following performance indicators were analyzed:

	● Average Throughput (Mbps): Rate of successful data delivery.
	● End-to-End Delay (ms): Time taken for a packet to traverse from source to 

destination.
	● Packet Loss Rate (%): Ratio of lost packets to total transmitted packets.

6.3  Result Analysis

Table 3 summarizes the comparative performance of AMMCA against static and greedy 
heuristic allocation methods.

Table 3. Simulation Results for Channel Allocation Strategies

Metric Static Allocation Greedy Heuristic AMMCA (Proposed)
Throughput (Mbps) 52.4 61.8 74.6
Delay (ms) 78 65 41
Packet Loss Rate (%) 11.2 6.3 3.1

6.4  Graphical Results

The graphs below further illustrate the observed performance improvements achieved 
by AMMCA.

The AMMCA algorithm demonstrates substantial improvement in throughput 
while reducing delay and packet loss. These results validate the algorithm’s efficacy in 
dynamically adapting to heterogeneous network environments and optimizing resource 
utilization.

Fig. 6. Average throughput Across Different Allocation Methods

7.	 Conclusion

In this paper, an efficient and adaptive channel allocation strategy, namely Adaptive 
Multi-Metric Channel Allocation (AMMCA) has been introduced to improve the 
communication performance in heterogeneous networks. The developed scheme 
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incorporates various real time parameters such as the Signal to Interference plus Noise 
Ratio (SINR), the level of interference, and the priority of the user and assigns appropriate 
channel for macro, micro and femtocell domains for the mobile users.

It also worth to mention that the AMMCA is not only depends on the static messages 
or greedy schemes but adapts to the network conditions as well as to the traffic intensity 
to reach high spectral efficiency and fair sharing of the resources. The utility score-
based model makes it easier for the algorithm to work under variations of the network 
topography and the number of users fluently enough with less computational costs.

By experimenting with the NS-3 simulator the provided algorithm is less accurate 
compared to traditional methods in the aspects of throughput, end-toend delay, and 
packet loss. More specifically, for AMMCA, up to 42% increase in throughput and over 
70% decrease in the packet loss compared to static allocation was realized.

Due to these attributes, the algorithm may be used in 5G and future generations of 
networks that will experience constantly changing and highly dense user traffic. Thus, 
AMMCA improving cross-tier interference control and implementing the necessary 
changes according to users’ demands makes for the more efficient and high-quality 
wireless communication system.

Future extensions to this work can incorporate machine learning and reinforcement 
learning models to further enhance decision-making under uncertainty and mobility, 
making the algorithm increasingly intelligent and self-optimizing.

Fig. 7. Comparison of Delay and Packet Loss
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