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Abstract: This paper proposes a resource optimization allocation model for wireless communication system, focusing on the
resource block allocation and performance optimization method with multi-algorithm fusion. Firstly, the channel model and rate
calculation mechanism are constructed to calculate SINR based on path loss and Rayleigh fading, and the transmission rate is
determined by Shannon's formula, which provides basic parameters for resource allocation. Secondly, multi-layer optimization
strategy is adopted: greedy algorithm completes the initial resource block allocation by priority, linear programming optimizes
the throughput on the initial scheme, simulated annealing algorithm searches for the global optimum through the energy function
and the perturbation mechanism, and subsequently also replaces the simulated annealing with genetic algorithm to improve the
efficiency by combining the elite retention and the dynamic mutation rate. Finally, the performance is verified by dynamic task
and multi-base station interference model to analyze the changes of throughput, QoS and other indicators. The role of this model
is to achieve efficient resource allocation and performance balance, and the advantage lies in the integration of the advantages
of multiple algorithms, taking into account the local optimization and global search, to improve the throughput under the limited
resources, and to adapt to the needs of dynamic communication scenarios.
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1. Introduction 2. Initial Resource Allocation and
This paper focuses on the dynamic optimization problem Multi-Layer Optimization
of resource allocation in wireless communication systems, Algorithm Design

aiming to cope with the challenges of resource constraints and .
dynamic service scenarios through a multi-algorithm fusion 2.1. Channel Model and SINR Calculation

strategy [1, 2]. First, for the fading characteristics of wireless The channel model is used to simulate signal attenuation
channel, a channel model containing path loss large-scale and interference in wireless communications, and SINR
fading and Rayleigh fading small-scale fading is constructed, (Signal-to-Interference-plus-Noise Ratio) is a key indicator
Combining SINR calculation and Shannon formula to for measuring communication quahty Large_scale
determine the transmission rate, which provides the key attenuation is usually represented by a path loss model. Let
parameter support for resource block allocation, while large scale 10SS denote the path loss; its conversion to

considering the dynamic accumulation characteristics of task

queue [3]. Secondly, a stepwise optimization mechanism is linear gain is:

designed: the greedy algorithm is used to complete the initial _large_scale _loss

resource allocation according to priority, the throughput is Glarge =10 10 (1)
optimized with the help of linear programming, the simulated

annealing algorithm is introduced to achieve global Small-scale Rayleigh fading assumes that the channel gain

optimization through the energy function and perturbation  fo11qys 5 Rayleigh distribution. Let Small _scale _loss
strategy, and the genetic algorithm is used to replace the - -

simulated annealing to enhance the optimization efficiency
through the elite retention and the dynamic mutation rate [4-
6]. Finally, the scheme is validated in a dynamic task model G
with multi-base station interference scenario to analyze the total
impact of resource allocation on throughput, QoS satisfaction
and power consumption.

The experimental results show that the framework can determined by the transmit power Pt and the channel gain
realize dynamic and balanced allocation under limited
resources, effectively improve system throughput and adapt G
to complex communication environments.

denote the linear value of small-scale attenuation; the
comprehensive gain is:

=G, - Small _scale_loss )

large

For SINR calculation, the received power P, is

total -
I:)r = Pt ’ Gtotal (3)

SINR is defined as the ratio of the useful signal power to
the interference-plus-noise power. Calculations are
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performed separately for macro base stations and micro base
stations:
SINR for macro base stations:

P
SINR =_—"
N “

macro
0

Where N, is the noise power. SINR for micro base

stations includes the interference power INterference in

addition to the noise power. By calculating the SINR of each
user, the communication quality of macro and micro base
stations is determined.

2.2. Transmission Rate Calculation

The transmission rate is based on the Shannon formula,
reflecting channel capacity, which depends on bandwidth and
SINR.

R =B-log, (1+ SINR) )

Where R is the transmission rate (in bps) and B is the
bandwidth. For each user, the rates of the macro base station
and micro base station are calculated, and the higher rate is
selected as the user’s basic allocation rate. The rate
determines the traffic that each resource block (RB) can
support.

2.3. Greedy Initial Allocation

The greedy algorithm constructs an initial solution through
locally optimal selection, aiming to maximize resource
utilization efficiency. Users are sorted by priority
(U >e>m), with high-priority users satisfied first. For
each user, the higher rate between the macro base station and
micro base station is selected, and the number of required
resource blocks is:

RBs _ task E flow ©

needed

Where task_ flow is the user’s required traffic (in

Mbps), R is the selected basic rate.
Resource block allocation:

RBS,jocared = MIN(RBS e , FfEMaining _rbs) (7)

Actual rate:

I’-ateallocated = RBsallocated ’ R (8)

The total number of resource blocks is total _rbs =45,
and the remaining resource blocks decrease sequentially.

2.4. Linear Programming Optimization

Linear Programming (LP) solves for the optimal solution
under linear constraints by optimizing an objective function.
The CBC solver is invoked for the solution.

Maximize total throughput:

max Y rbs, R, ©)
ueusers
Minimum resource block requirement:
task _ flow
rbs, > ————=,Vu eusers (10)

u

Where DS, is an integer. The CBC solver solves ILP

problem, outputting the optimal I’bSu values. Building on
the greedy allocation, it further optimizes resource allocation
to ensure maximum throughput while meeting minimum
requirements.

2.5. Simulated Annealing Optimization

Simulated Annealing (SA) is a heuristic optimization
algorithm that imitates the metal annealing process, gradually
converging to a global optimal solution by controlling
temperature.

Energy Function: The objective is to minimize the negative
throughput:

ueusers

Where rate, =rbs,-R,.
Perturbation: Randomly select two users U; and U,. If
U, has a higher priority than U, and U; has excess

resource blocks, transfer Arbs=1 to U,.
Acceptance Criterion: Calculate the energy change:

AE=E_, —E
If AE <O (throughput increases), the new solution is

current *

accepted; if AE >0, the new solution is accepted with a
probability of exp(—AE/ T) , where T is the current
temperature.

2.6. Model Solution and Result Optimization

Table 1. Solution Performance and Comparison Before and After Optimization

Indicator First Run
Objective value 231881586.77791500
Total Throughput 190.85 Mbps
QoS Satisfaction Rate 75.00%
Wallclock Seconds 0.03

According to Table 1, after optimization, the total
throughput increased by 6.8%, but the QoS satisfaction rate
decreased by 6.25%. The CBC objective value remained
unchanged, but in actual allocation, the increase in the total
number of resource blocks and the reduction in interference
factors led to an improvement in overall efficiency. Resource

After Optimization Comparison
231881586.77791500 No change
203.74 Mbps 1 (+6.8%)
68.75% | (-6.25%)
0.05 1 (+0.02)

block allocation became more balanced, and the transmission
rate increased accordingly.



3. Dynamic Task Model and Resource
Allocation Decision-Making

3.1. Task Arrival Probability Model

The task arrival probability model simulates users' task
request behavior at different time points based on a Bernoulli
process. Specifically, for each user U, the task flow value

P, of task

u

f at time t is regarded as the probability

u
arrival at that time point. Whether a task actually arrives is

determined by a uniform random number r ~U(0,1) : if

r< Pu (t), the task amount fu (t) is recorded as arriving
and added to the user’s task queue.

RO =10

Where f,(t) is the task flow of user U at time t.

(12)

3.2. Queue Demand Calculation

Queue demand calculation is used to integrate new tasks at
the current time point and the total amount of unprocessed

tasks from previous times. The total demand D, ) is
defined as the sum of the current task amount fu (t) andall
unserved tasks in the backlog queue (, (t—=1) from the

previous moment. Here, (], (t—1) is a First-In-First-Out

(FIFO) queue that stores the task amount of user U that was
not fully serviced in the past.

Du (t) = fu (t) +un (t _1)

Where (, (t—1) is the backlog queue from the previous

(13)

moment.

3.3. Definition of Quality of Service

Quality of Service for individual users:

QoS, (t) =min [1 R“—(t))

"D, (1) (14)

Overall Quality of Service:

QoS = %ZQosu (t) (15)

Where N is the total number of users. This definition

reflects the system’s focus on fairness in serving different
users, with the goal of maximizing overall QoS to balance the
needs of high-priority (e.g., URLLC) and low-priority (e.g.,
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mMTC) users.

3.4. Dynamic Constraint Objective

The dynamic decision objective aims to maximize the total
transmission rate of the system through 10 resource
allocations (once every 100ms). The objective function is the
sum of rates for all decision times K (from 1 to 10) and all

users U, where Ru (K) is the actual rate obtained by user
U in the K -th decision. Resource block allocation is
constrained by the total number of resource blocks M =50 .
This objective reflects the system’s throughput optimization

needs under limited resources while considering temporal
dynamics to ensure long-term efficiency.

max > >R, (k)

> rbs, (k) <M

3.5. Queue Update Rules and Stability
Constraints

Queue update rules handle residual demand to ensure
dynamic management of task queues. After the K -th

(16)

(17)

decision, the residual demand D, (tk) -R, (k) represents

the unmet portion. If this value is greater than 0, the residual
demand is updated to the queue for the next moment as

q, (t..,) =D, t,)— R, (K) ; otherwise, the queue is cleared

as 0, (t.,) =0 . This mechanism simulates the gradual

processing of tasks, where residual tasks are passed to the
next decision cycle, reflecting the continuity of resource
allocation.

qu (tk+1) = maX(O, Du (tk) - Ru (k))
3.6. Model Solution and Analysis

After running 10 decisions for the resource allocation
optimization scheme, the system dynamically adjusted the
resource block allocation of three types of slices within
1000ms. The overall performance showed significant
fluctuations and an upward trend. The initial resource
allocation was relatively conservative; in subsequent
decisions, the QoS satisfaction rate improved, demonstrating
the effectiveness of the optimization algorithm.

In general, under the constraint of limited 50 resource
blocks, the system gradually optimized throughput and QoS.
The 93.75% QoS satisfaction rate in Decision 7 showed the
highest quality of service guarantee, reflecting the model’s
adaptability under dynamic channel and task arrival
conditions, as shown in the Figure 1.

(18)



Decision 7: Resource Block Al location

Decision 7: Transmission Rate (Mbps)
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Figure 1. Decision results of decision 7

4. Multi-Base Station Interference
Model and Resource Allocation
Optimization

4.1. Multi-base Station Interference Model

The multi-base station interference model evaluates
communication quality through the ratio of the signal power
from the target base station to the interference power from
other base stations. Interference is calculated by accumulating
the power and channel gains of other base stations, reflecting
spectrum reuse interference.

Py 'hu,b (t)
Py -hu’b. (t)+N,

SINRUVb(t) = Z (19)
b b
4.2. Channel Gain Calculation

Channel gain combines the exponential form of large-scale
attenuation and the absolute value of small-scale Rayleigh
fading to ensure positive gain, reflecting the randomness of
attenuation.

Lup (1)

h, (=10 © |5,

4.3. Multi-base Station Resource Allocation

Resource allocation limits the total number of resource
blocks for each base station. The total rate is the sum of
contributions from each base station, and interference couples

(20)
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the allocation process.

> rbs,, <50

u

R,(t) =D R,,(t)

21)

(22)

4.4, Optimization Objective

The objective is to maximize the total QoS, where QoS is
the truncated average of the ratio of rate to demand,
emphasizing service fairness.

Z Ru,b (t)

2 —1(23)

maXZZU‘,QoSU(t), QoS, (t) =min | 1, 50

4.5. Model Solution and Decision Analysis

The model results show that network resource allocation
was optimized through different decision schemes, with
overall performance varying across decisions. The highest
throughput appears in Decision 4, the highest QoS in Decision
10, and low-power consumption schemes such as Decisions 3
and 9 balance throughput and efficiency. Based on
requirements, one can choose schemes with high throughput
(Decision 4), high QoS (Decision 10), or low power
consumption (Decisions 3 or 9). The Figure 2 shows the
performance graph of high throughput in Decision 4.



Decision 4 Resource Allocation (3D)
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Figure 2. 3D performance graph of high throughput in Decision 4

5. Genetic Algorithm Optimization and
Performance Analysis

5.1. Replacement with Genetic Algorithm

To improve optimization efficiency, a Genetic Algorithm
(GA) isintroduced to replace Simulated Annealing, combined
with a greedy algorithm and linear programming. The genetic
algorithm optimizes user access, resource block allocation,
and power selection through population evolution. Each
individual in a generation is encoded as a vector for user
access to base stations, a matrix for resource block allocation,
and a vector for base station power. The fitness function is the
overall QoS. Crossover operations exchange user access to
base stations, while mutation operations randomly adjust
resource blocks or power. The greedy algorithm initializes
allocation by priority (URLLC > eMBB > mMTC), linear
programming optimizes resource block allocation, and the
genetic algorithm further searches for the global optimal
solution to avoid local optima and improve convergence
speed.

The goal of the genetic algorithm is to maximize the overall
Quality of Service (QoS) of the heterogeneous network, i.e.,

1 N
Qostotal =

— Z Q0S, by optimizing
resource block allocation and base station transmission power,

u=1
Z Nu,b : Ru,b
where QOSu =min| 1], b

D, (1)
Fitness function: The fitness is the overall QoS.

1 Z Nu,b ' Rub(P)
f(A,P)=—— min|1, LB
AP =GiZ™  bora 0|

to maximize
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Constraints: Resource block constraint: The total number
of resource blocks for each base station b is limited:

Z Nu’b < N;Otal

ueU

(25)

total  __
Where Nygs ; =100 ,
total __ pgtotal _ pgtotal
NSBS_l - NSBS_Z - NSBS_3 =30.

Single access per user: Each user U can only access one
base station:

qu,b :1' Xu,b 6{0,1}

beB

(26)

Subsequently, crossover and mutation operations in the
genetic algorithm are performed. The top 10% of elite
individuals are directly retained for the next generation. The
remaining individuals generate a new population through
tournament selection (randomly selecting two individuals and
retaining the one with higher fitness).

Dynamic mutation rate: The mutation rate is dynamically
adjusted with the generation J , ranging from [0.1, 0.5]:

14(9) =o.1+o.4-( —%) 27)

Where G is the total number of generations.

5.2. QoS and Throughput Analysis

QoS remains unchanged at 100% across all decisions,
which may be because the model ensures that all user
demands are fully satisfied under given constraints. Therefore,
the model performance is evaluated by comparing total
throughput. Changes in throughput are affected by the power

allocation of MBS _1 and SBS s. Decision 10 achieves

the highest total throughput, reaching 178.49 Mbps, making
it the best-performing decision, as shown in the Figure 3.
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Figure 3. Throughput variation in Decision 10

6. Conclusions

In this paper, a set of optimal allocation model for wireless
communication resources integrating multiple algorithms is
proposed to provide a solution for efficient resource
allocation. First, a basic framework for channel and rate
calculation is constructed, combining path loss and Rayleigh
fading model to derive SINR, and determining transmission
rate through Shannon's formula to provide accurate parameter
support for resource allocation. Next, a stepwise optimization
strategy is designed: greedy algorithm initially allocates
resource blocks by priority, linear programming optimizes
throughput, simulated annealing algorithm globally searches
for optimization, and subsequently replaces simulated
annealing with genetic algorithm to enhance efficiency
through elite retention and dynamic mutation rate. Then, the
dynamic scenario validation shows that the throughput in 10
decisions reaches up to 271.76 Mbps with 93.75% QoS
satisfaction; decision 10 in multi-base station scenario
achieves 75% QoS satisfaction, and the total throughput is
improved by 6.8% after optimization. Finally, the model
effectively balances the resource constraints and service
demands, taking into account the throughput improvement,
service fairness and system stability. Future research can
further explore the real-time optimization of the algorithm in
ultra-large-scale user scenarios.
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