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Abstract

In view of the current situation of regional resource allocation,
this paper proposes a regional resource dynamic scheduling model
based on the improved ant colony algorithm. This model takes the
minimum cost and the least time as the optimization objectives and
considers the constraint conditions such as the resource require-
ments and the sequence of tasks. At the same time, combined with
the characteristics of the regional resource dynamic scheduling
model, the traditional ant colony algorithm is improved, and an
optimized encoding and decoding method is proposed. According
to the results of computing power analysis, it shows that the im-
proved ant colony algorithm has higher computational accuracy
and faster convergence speed compared with the traditional ant
colony algorithm.
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1 Introduction

The logistics industry is an important industry that supports and
promotes the economic and social development of a country. In
2023, the total social logistics volume in China was 352.4 trillion
yuan, with a year-on-year growth of 5.2%, and the growth rate was
1.8 percentage points higher than that in 2022.[1, 2] The logistics
industry in China is developing rapidly, and the overall momentum
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is good. In the process of the development of the logistics industry
Baldacci, the degree of rational allocation of logistics resources will
directly affect the efficiency of the logistics industry and thus affect
the operational efficiency and development speed of the entire logis-
tics industry.[3] In the logistics industry, to obtain profits, resources
must be rationally allocated and arranged; otherwise, it will cause
waste of resources, increased costs, and reduced economic benefits.

Therefore, this paper constructs a regional resource dynamic
scheduling model for the logistics industry and uses the improved
ant colony algorithm to solve it, realizing the scientific and rational
allocation of logistics industry resources.

2 Regional Resource Dynamic Scheduling
Model

2.1 Optimization Objective Function

The regional resource dynamic scheduling model of the logistics
industry takes the minimization of the sum of the total cost and
total time of logistics distribution completion as the optimization
objective, and the objective function is expressed as follows.[4]

min F = min(aF, + (1 — a)F;

@€ [0,1] )

In the formula, F is the comprehensive optimization objective
function; F¢ is the total cost spent on completing the logistics distri-
bution tasks; F; is the total time spent on completing the logistics
distribution tasks; « is the weight coefficient used to balance the
importance of time and cost.

The calculation method of the total time Fy is:

@)

F; = max f;
e = maxd

In this formula, J is the task set; fJ is the end time of task j. The
calculation method of the total cost F is:

nt n

Fe=>" 3" djcy0(jh)

j=1 h=1

®)

In the above formula, d; is the time required to complete task j,
cp, is the personnel salary of team h, and 0(jh) is a binary variable
indicating whether team h participates in task j. It satisfies the
following relationship:

_ Lbj <t<f
m=Qjn=1,, [

0(jh) = Qjn {O,HE [b). 7]
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In the above formula, H is the set of logistics distribution em-
ployees; T is the duration of all distribution tasks; 6(jh) is a binary
variable indicating whether team h participates in distribution task j
at time t. If it participates, 6(jh)=1; if it does not participate, 6(jh)=0.

2.2 Constraint Conditions

2.2.1 Constraints on the Logistics Distribution Sequence. There are
requirements for the completion sequence between different distri-
bution tasks, that is, the constraint conditions are satisfied:

fp < fj,Vj€J.Vp € Pj (5)

2.2.2  Constraints on Employee Distribution Tasks. The same em-
ployee can only participate in the same logistics distribution task
in the same time period. Therefore, 6(jh) also needs to satisfy the
following constraint conditions:

m

> Qi < LVheHVteTVje ] )

j=1

3 Improved Ant Colony Algorithm
3.1 Basic Ant Colony Algorithm

In the basic ant colony algorithm, ants initially explore randomly
with no pheromone trails.[5] Over time, shorter paths accumulate
more pheromone as more ants traverse them, while longer paths’
pheromone evaporates. The highest pheromone concentration ul-
timately identifies the shortest path. The advantages of the ant
colony algorithm:

o The individuals in the ant colony algorithm do not interfere
with each other. Whether some individuals complete the
optimization or not will not affect the optimization ability
of the algorithm, and the algorithm has a strong robustness
effect.

e The ant colony algorithm is a global optimization algorithm,
and the ant colony searches for the optimal result among all
possible paths.

e The ant colony algorithm forms a solution set through dy-
namic optimization and gradual iteration. Compared with
other algorithms, the ant colony algorithm is easy to com-
bine with other algorithms to form a combined optimization
algorithm.

The disadvantages of the ant colony algorithm: The construc-
tion time of the initial population is long. The ant colony lacks
pheromone in the initial state, resulting in a long preparation time
for effective search. Moreover, the ant colony has a certain ran-
domness in individual actions, which will ultimately reduce the
efficiency of the algorithm.

3.2 Improvement of the Ant Colony Algorithm

The ant colony algorithm’s strong positive feedback quickly finds so-
lutions but risks local optima.[6] This paper introduces a pheromone
evaporation mechanism as a counterbalance - gradually reducing
trail influence to maintain search diversity. Combined with three
key factors (heuristic information, positive feedback, and evapo-
ration), the enhanced algorithm ensures optimal pathfinding for
regional logistics resource allocation. Therefore, this paper deter-
mines the factor values of the number of iterations according to

45

Yiping Xu et al.

the process of the algorithm to seek the optimal solution. In order
to adjust the time and accuracy of the ant colony searching for
the optimal path, the heuristic information and positive feedback
mechanism can be set.

Let the value of y represent the strength of the two mechanisms.
If it is necessary to inhibit the convergence of the algorithm, the
value of y is reduced, that is, y0 is preferred; otherwise, y1 is se-
lected.

y={ 0.0 <M < My o
Y1, Mo < M < Mmax

After repeated tests, Mpax refers to the maximum number of

iterations, where:

20%Mmax < Mo < 50%Mmax and yo < y1

Meanwhile, this paper designs the encoding and decoding
method, the ant colony transfer mechanism, and the pheromone
update mechanism.

3.2.1  Ant Colony Transfer Mechanism. In order to improve the qual-
ity of ant colony algorithm in the search process, pseudo-random
transfer rules are introduced to optimize the selection process of
the next task. This rule provides an effective balance between deter-
ministic and random selection, thus opening up new perspectives
in the field of research.

The mechanism for ant J to select the next task:

9€Gy
Jp-else

argmax {y (i, 9)* x(i, 9)x"}. g < qo
j= { ®)
In the formula, q and qg are random numbers within the range
of [0, 1]. q is generated when ant k is searching for the next task,
and qois generated when ant k is starting a new iteration. Gy is
the set of optional next tasks for ant k; v and p are the heuristic
information influence coefficient and the pheromone influence co-
efficient respectively. j, is the next task obtained according to the
roulette wheel selection strategy, and its calculation formula is:

o . L) - 9
Jp = arg min lpr (i, j) — 7 )
Then the probability that j is the next task is:
. yG )P x ()Y
k(i) = : —,J € Gg (10)
b % ygtxg)”
9€Gx
The calculation method of the heuristic information is:
r](i,j):maxfg—fj+1 (11)
9€G

3.2.2  Pheromone Update Mechanism. The pheromone update
mechanism mainly consists of two parts: local pheromone update
and global pheromone update.

e Local pheromone update is carried out during the process of
each ant individual generating a task scheduling scheme. Its
purpose is to avoid more ants from choosing the same task
with excessive pheromone, which may lead to blockages.

' (i.)) = (1= Pr' (i. ) + Pro (12)
In the formula, f is the pheromone evaporation coefficient; 7y is

a constant, 7y = ﬁ m is the summary of the number of tasks; T
is the latest end time of all tasks.



Research on Regional Resource Optimal Allocation Based on Improved Ant Colony Algorithm

e Global pheromone update is carried out after all ants com-
plete one round of iteration. Its purpose is to enable the
information of the current global optimal solution to be
transmitted to other ants. Therefore, it is necessary to add
extra pheromone to the globally optimal ant individual.

o) = (1= p)t () + PAT ) (13)
In the formula, Az’ (i, j) is the additional amount of pheromone
increment.

1

,(1,)) €
ATt(i, ]) = {Tgbest (l J) Ybest

0, else

(14)

In the formula, Tgp.g is the value of the global optimal objective
function, and g is the scheduling scheme of the global optimal
task.

3.3 Optimization of pheromone volatile factors

The basic ant colony algorithm is prone to fall into the local optimal
due to the fixed pheromone volatile factor: when the volatile factor
is too high, the pheromone dissipates rapidly, which promotes the
exploration of new paths but slows down the convergence rate.
When the volatile factor is too low, there are too many residual
pheromones, which can easily lead to precocious astringency. To
this end, this paper proposes a strategy to dynamically adjust the
volatile factor to balance the exploration and convergence efficiency,
and its formula is as follows:

0.95, N < 0.1Nmax
p cos (% X NN ) 0.7 +0.25, others (15)
0.25, N > 0.9Nmax

Among them, the pheromone volatilization factor in the ant
colony algorithm changes from a fixed value to a value that changes
with the maximum number of iterations. When the iteration is less
than 0.1 times the maximum number of iterations, the pheromone
volatilization factor is set to 0.95, and the faster the pheromone
volatilization, the pheromone concentration on the path will de-
crease, increasing the possibility of exploring new paths. When
this iteration is greater than 0.9 times the maximum number of iter-
ations, the pheromone volatilization factor is set to 0.25 to guide the
ants to converge to a certain path. At other times, the parameters
are reduced by the cosine waveform, which enhances the efficiency
and quality of the algorithm in solving the optimization problem.

4 Algorithm test

In order to comprehensively evaluate the performance of the pro-
posed improved ant colony algorithm, firstly, this section analyzes
the optimization performance of the algorithm through several
standard test functions, so as to evaluate the global search ability
and convergence speed of the improved algorithm in this chapter
in solving complex multimodal function optimization problems.
Secondly, the influence of changing the number of ant colony and
the heuristic information weight on the stability of the algorithm
is considered to evaluate the robustness of the algorithm.

4.1 Convergence analysis of algorithm

In order to verify the convergence of the improved ant colony
algorithm, pheromones can be gradually accumulated on the global

46

GAITDI 2025, July 18-20, 2025, Beijing, China

e PSO algorithm

1 8
o
c
=0.8 GA algorithm
©
=
0.6
<
0.4 ) algorithm
Improved ACO
0.2 algorithm
0
5 10 20 30 40 50 60 70 B0 S0 100

The number of iterations

Figure 1: Sphere function optimization testing

st S0 3l goithm

GA algorithm

o

standard ACO
algorithm

Improved ACO
algorithm

o Avgrags fitpess
B oo ¢

o N

5 10 20 30 40 S0 60 70 80 S0
The number of iterations

&
™

Figure 2: Ackley function optimization test

optimal path, thus achieving the convergence of the global optimal
solution. In the experiment, the parameters of the standard ant
colony algorithm are set as follows: the number of ants is set to
50, the number of iterations is 100, the pheromone evaporation
coefficient is 0.5, and the pheromone intensity is 1.0.

In order to visually demonstrate the performance of the improved
ACO algorithm in the optimization of three functions, namely Ras-
trigin, Sphere and Ackley, the analysis results of the above three
functions are drawn through experimental data, and the average
fitness changes of the improved ACO, the standard ACO, the ge-
netic algorithm (GA) and the particle swarm optimization algorithm
(PSO) in the iterative process are compared.

Figure 1 shows that the improved ACO shows faster conver-
gence speed and lower final solution deviation compared with the
standard ACO and PSO, which verifies the effectiveness of dynamic
pheromone update rules.

Figure 2 shows that in the Ackley function optimization problem,
in the complex multi-peak Ackley function optimization problem,
the improved ACO shows excellent global search ability, finds a
solution closer to the global optimal solution, and highlights the
advantages of the adaptive adjustment mechanism. The compre-
hensive results of three groups of experiments show that compared
with the other three algorithms, the improved ACO converges to
the better solution faster in the iterative process, and shows signifi-
cant advantages in avoiding the local optimal solution. Therefore,
the improved ant colony algorithm shows faster convergence speed
and better search ability.
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Table 1: Parameter setting required for the mold.
parameter meaning Parameter
value

Qk The maximum weight t that the distribution vehicle K can load the transported goods. 9

Tk Maximum travel time h of the k th delivery vehicle 8

v Average speed km/h of free running of distribution vehicles. 50
C22 The fixed use cost of each delivery vehicle is RMB. 50
C11 In-transit unit made in func/h 20
C12 Unloading unit cost yuan/h 25
C21 Distribution distance cost yuan/km 100

5 Case Analysis

In this chapter, the logistics situation of M enterprise in a certain
area is taken as an example, and the example is analyzed according
to the improved ant colony algorithm proposed above. The pa-
rameter settings are determined through the analysis of the results
and parameters, and the performance of the improved algorithm is
further verified by comparing the results of different algorithms. By
comparing different distribution modes, suggestions and opinions
are provided for logistics companies when choosing distribution
modes.

In order to optimize the pharmaceutical logistics distribution
routes of Company M, it is necessary to select some data informa-
tion of Company M, including the locations of customer points,
demand volumes, time windows, etc., as well as the number, ca-
pacity and cost of distribution vehicles.[7] Based on the historical
distribution data of Company M and the relevant data of its distri-
bution, this research object is determined.

5.1 Parameter settings

5.1.1 Multi-objective optimization module parameters. On the ba-
sis of establishing the optimization model of enterprise logistics
distribution path, it is necessary to set up relevant parameters to
solve and analyze the model. Because many customers are located
close to each other in the distribution of M company’s medical
logistics, in order to reduce the cost, improve the efficiency and
optimize the service quality, the mileage saving method is selected.
To sum up, the relevant parameters need to include the parameters
of the nodal mileage method, the parameters of the improved ant
colony algorithm, and the special coefficient number of M company.
According to the actual situation, these parameters are rationally
set and adjusted, which is as follows (Table 1):
5.1.1.1 Parameters of nodal mileage method

The core of the nodal mileage method is to calculate the nodal
quantity between the customer points, and then merge the distribu-
tion routes step by step according to the nodal quantity.[8] There
are two main parameters in the nodal mileage method, which are
the calculation formula of nodal quantity and the gauge I of the
combined route. ” In this paper, the most commonly used formula

for calculating the amount of savings is adopted, Gen P:
Sij =dio +doj — dij

(16)

Among them, S;jshows the amount of savings between the cus-
tomer points i and j, the distance between the customer points
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and the delivery center, dj,shows the distance from the delivery
center to the customer point, and d;jshows the distance between
the customer points I and j. If the customer points i and j are com-
bined on the same route, then the distance saved is the difference
between the distance from the original distribution center and the
distance from i to j. The greater the amount of savings, the better
the effect of combination. The rules of merging route refer to the
sequence and formula of how to choose merging after calculating
all the savings. In this paper, the rule that the maximum savings
is the first is adopted, that is, the two customers with the largest
savings are selected and merged at a time, until the customers who
do not have enough pieces are low to choose. The condition of
merging means that the merged route will not exceed the capacity
of vehicles and the constraint of time windows, and the formula of
merging means that two customer points are respectively taken as
the starting point and the ending point of the route, or one customer
point is inserted in front of the other customer point, or a part of
the two routes is divided into lines to achieve the maximum.
5.1.1.2 Parameters of improved ant colony algorithm

There are four main parameters in the modified ant colony al-
gorithm, which are the number of ants, the number of volatility
coefficients of pheromones, the importance degree of pheromones
and the importance degree of initial information.[9] According to
the relevant facts, these parameters have been set and adjusted
rationally, which is as follows.

e Number of ants: According to the information delivery re-
sults , the number of ants is selected as 29, which is the
same as the number of customers, so as to ensure that each
customer has an ant to visit and ask questions, and at the
same time, it will not increase the calculation too much.

e The pheromone evaporation critically affects
exploration-exploitation balance. If too low, pheromones
accumulate excessively, trapping ants in known paths and
reducing exploration. If too high, pheromones vanish
too quickly, hindering effective use of historical data for
convergence. This paper sets the evaporation rate at 0.5
(halving pheromones per iteration) to optimize this balance.

e Pheromone weight affects algorithm feedback. If too low,
ants rely more on initial info, reducing adaptability. If too
high, over-dependence increases premature convergence
risk. Setting it to 1 balances influence with initial info for
optimal path selection.

rate
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--- Improved Ant Colony Model
— Basic Ant Colony Model

Figure 3: Convergence comparison curve

e Initial info’s weight affects path calculation. If too low, ants
overuse pheromones, ignoring problem specifics. If too high,
they rely solely on initial data, neglecting learned experience.
Optimal balance: set importance to 1, equal to pheromones,
for unbiased path selection.

o According to the operation data of medical and pharmaceuti-
cal logistics distribution in S company, the special coefficient
is determined to be 0.2, that is, the loss cost of goods ac-
counts for 20% of the total distribution cost, so as to balance
the cost and benefit of logistics distribution and ensure the
quality and safety of goods.

5.2 Comparative Analysis of Algorithm

Performance

To test the performance of the improved ant colony algorithm pro-
posed in this paper, the logistics distribution data of a certain region
are selected for verification. Meanwhile, the regional resource dy-
namic scheduling model of the improved ant colony algorithm is
used to optimize the scheduling of the logistics distribution tasks
in this region, thereby verifying the accuracy of the involved algo-
rithm model.

Parameter Settings: Pheromone evaporation coefficient: f =0.5.
Pheromone influence coefficient: p =1. Heuristic information influ-
ence coefficient: v =2.

A certain example is randomly selected from the data set. The
computational iteration processes of the basic ant colony algorithm
model and the improved ant colony algorithm model are shown
in Figure5-1. It is found that the basic algorithm requires 44 itera-
tions to reach the global optimal solution, while the improved ant
colony algorithm can reach the global optimal solution with only
26 iteration operations. By comparison, the improved ant colony
algorithm has enhanced the convergence speed and the ability to
search for the global optimal solution.

A comprehensive performance comparison was conducted on
the acquired data set. The comparison of the optimization results
between the traditional ant colony model and the improved ant
colony model is shown in Table 2. Looking at the data set as a
whole, for any identical data set, the average deviation rate of the
optimization results of the improved ant colony model algorithm
is smaller than that of the traditional ant colony model. From the
perspective of specific examples, when there is a deviation between
the obtained optimal solution and the known optimal solution,
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the deviation rate of the optimization results of the improved ant
colony model is almost less than 10%, and it is more concentrated
in the range where the deviation does not exceed 2%. However, the
basic ant colony model algorithm still has a certain proportion of
deviation rates exceeding 10%. It can be seen from this that the
improved ant colony model algorithm has higher computational
accuracy.

5.3 Analysis of Dynamic Scheduling of
Regional Logistics Resources

A simulation experiment was carried out by selecting the distribu-
tion data of a certain enterprise in a certain region. Data collection
was conducted at 16 logistics distribution points. The results of
logistics scheduling are shown in Table5-2. The total duration and
total cost before and after the optimized scheduling are shown in
Table5- 3.

Compared with before the optimized scheduling, the total time
of the proposed algorithm is reduced by 24.78%, and the total cost
is reduced by approximately 21.47%. Compared with the basic ant
colony model algorithm, the total time of the improved ant colony
model algorithm is reduced by about 15.79%, and the total cost is
reduced by 7.7%. It can be seen that the improved ant colony model
algorithm can reduce the total time for task completion and lower
the resource costs incurred, providing effective informatization data
support for cost reduction and efficiency improvement in logistics
resource allocation.

6 Conclusion

Optimizing the allocation of regional resources through the im-
proved ant colony algorithm is an effective optimization path, which
requires a scientific procedure. In this paper, the dynamic optimiza-
tion scheduling of regional resources in the logistics industry is
achieved by using the improved ant colony algorithm model. The
case analysis shows that the improved ant colony algorithm model
in this paper has better computational speed and computational ac-
curacy compared with the basic ant colony algorithm model. In the
scheduling of logistics distribution operation tasks, the improved
ant colony algorithm model can significantly reduce the total time
and total cost for task completion compared with the basic ant
colony algorithm model. The total time and total cost calculated
are reduced by about 15.79% and 7.7% respectively compared with
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Table 2: Performance comparison of the models

Model Data Collection =~ Proportion of RD <  Proportion of RD <  Proportion of RD <  Average deviation
2% 5% 10% rate

Basic Ant Colony Model A 0.942 0.979 1 0.13
B 0.823 0.921 0.953 0.65
C 0.767 0.873 0.903 1.36

Improved Ant Colony A 0.978 1 1 0.07

Model B 0.871 0.986 1 0.57
C 0.812 0.892 0.995 1.01

Table 3: Results of Logistics Task Scheduling

No. Duration(Minutes) Resource 1 Resource 2 Resource 3

1 31 1 5 0

2 16 9 3 (0]

3 31 10 3 8

4 46 1 14 0

5 31 9 0 4

6 16 13 3 0

7 16 3 7 0

8 16 1 13 0

9 31 0 -1 0

10 46 4 -1 1

11 61 1 1 4

12 16 1 8 6

13 31 12 1 8

14 16 0 5 0

15 46 1 5 8

16 16 9 0 9

Table 4: Comparison Before and After Optimized Scheduling

Model Algorithm Total Time(minutes) Total Cost(RMB)

Before Optimized Scheduling 690 9730

Basic Ant Colony Model 519 7 641

Improved Ant Colony Model 437 7052

the basic ant colony algorithm model. However, although the im-
proved ant colony algorithm model in this paper can achieve the
optimal scheduling of regional resources in the process of logistics
distribution operations, it is still unable to evaluate the operation
performance of logistics distribution at present, and this will be
carried out in subsequent research.
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