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Objectives: The rise of the Internet of Things and e-commerce platform has enabled logistics
companies to embark on a fast-growing road. How to effectively control the cost of vehicle
transportation under the condition of continuous increase in the total volume of logistics
business is the key to influencing the sustainable development of logistics enterprises.
Methods: In order to reduce the cost of vehicle transportation, the use of artificial intelligence
ant colony algorithm to build intelligent deployment model is explored. Results:After analyzing
the principle and implementation flow of the traditional ant colony algorithm, the ant colony
algorithm is updated and optimized from the perspective of many dynamic factors and large
changes in the logistics vehicle.Conclusion: A combination of optimal algorithm parameters is
constructed to help logistics companies find the most cost-effective vehicle scheduling plan.
Simulation tests show that the optimized ant colony algorithm can quickly find the optimal
cost-effective route and effectively control the vehicle logistics costs.
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f the dispatch management of logistics problem is the main direction of research today.

vehicles can achieve scientific research and As a problem of the extension of the vehicle

precise operation, it will certainly promote scheduling problem in the stationary state, the
logistics companies to win more market orders in main feature of the dynamic vehicle scheduling
the Internet of Things business'. The vehicle problem is that only a small part of the relevant
transportation time, the number of vehicles, the information is mastered before the wvehicle
capacity of the vehicle, the mission of the vehicle, scheduling. Most of the information is dynamic
the driving route of the vehicle, etc. are collected or unknown, such as customer conditions, vehicle
and the constraints affecting cost efficiency are ~ conditions, ~ weather  conditions  during
found 2. According to the mathematical model, transportation, road conditions, etc. >, From the
the constraints are analyzed, and the most  above, it can be seen that there are many factors of
reasonable route of the vehicle is found with the information change. If all the factors are
aim of minimizing the most cost-effectiveness introduced for analysis, the best results cannot be
and time and cost, thereby effectively controlling ~ obtained. From the characteristics of rapid
the direct and indirect costs of vehicle operation changes in logistics information under the
3% The mathematical model of the vehicle Internet of Things and e-commerce customers'
scheduling problem mainly involves the  orders changing at any time, artificial intelligence
parameters of the objective function and algorithms are used to comprehensively study the
constraint functions of the vehicles, goods and multi-objective optimization model
parking lots’. Dynamic vehicle scheduling Learning ant behavior is to learn how the ant
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colony conducts the best search behavior without
external guidance. This is the process of solving
complex combinatorial optimization problems
using mathematical equations 7. Huge ant
colonies are relatively mysterious in their
communication channels and information
prompts. In the absence of an ant for unified
scheduling, ant colonies can adjust their search
direction to form the shortest route between
nests and food even if they encounter various
environmental  changes 8, The intelligent
behavior of ant populations is mainly due to the
fact that ants have effectively used their own
body fluids—pheromones. When passing by, this
type of substance characterized by concentration
information is left’. Afterwards, the ants who
passed through can judge the high concentration
route by judging the intensity and content of
pheromones. The ants will randomly choose the
direction of the walk from the nest. The more
ants walk through, the more pheromones will be
left. Pheromones will gradually decrease over
time until they disappear. In general, shorter
paths will attract more ants to choose. The ant
colony wuses this analysis to determine the
pheromone and finds the shortest return path'’.

The ant colony algorithm is in the state of
randomly selecting a route when the path search
is first performed. After becoming familiar with
the space route, the ant colony can adaptively
find the selection rule of the shortest route in the
search. The best search route which is found is
the global optimal solution In the path
traveled by different ants, the pheromone will

become more and more as the number of ants.
The probability that this route will be selected will
be greater. This is the probabilistic advantage of a
route. The shorter the path chosen, the faster the
pheromone contained will grow. This is the main
principle of pheromone updating. By judging the
pheromone concentration and other information,
the ant colony achieves indirect communication,
and thus the ant colony can achieve coordinated
communication within the population without
external organization guidance . Figure 1 is a
schematic diagram of the principle of an ant
colony algorithm. Ants are set to search for food A
from nest E, and each unit will crawl for distance
d. In each unit time, 30 ants search for food from
the lair. In Figure b, when the pheromone is not
found, the random probability guides the ant to
choose a different path to go. It is assumed that
there is a certain time condition T=1, if the 30-
scale ant colony on path C has passed and the
other path has only passed 15 scale ant colonies,
the pheromone left by the large-scale ant colony
will be more. After the ant selection path to
choose BCD this pheromone the most
concentrated route will be more and more. After
that, the ant that selects the route chooses BCD
more and more of this pheromone's thickest
route. After the whole ant colony adopts this
biologically inherited route selection principle, the
BCD route will be the route with the best
pheromone concentration that best meets the
search needs ". This is the search process of ant
colony from random selection to adaptive optimal
selection.

Figure 1

Ant Colony Algorithm Schematic Diagram
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The construction process of the ant colony
algorithm model is the process of the ant colony
foraging the search path. First, the total number
of ants is set to 0. The variable N is the number
of places. The N locations in the route selection
are numbered 1-N, and then a formula is selected
according to the given probability to obtain the
selection probability of each location. According
to the corresponding rules, the location with
transfer value is selected. Ant K calculates the
probability of the next location to be traveled
according to formula (1) at the current location i.
7;(t) is the concentration of pheromone on the
line (i,j) composed of sites i and j. At t=0,
T7; (0) =T, 7 (t) =1/d; is the ant
departure point information. @ shows the
influence of pheromone concentration on the
result. f denotes the state of influence on the
ant colony route selection. When the value of @
increases, the path chosen by the subsequent ants
must be the path that the more intelligent ants
have chosen in the previous path. When B is
large, ants increase the probability of choosing
the current shorter path under greedy selection.
allowed, is the ant colony of ant k in the
current moment condition. The sites where the
previous ant colonies have been gathered are
placed in the corresponding exclusion table
tabu, , and the subsequent selection of tabu, by

the ant colony will change dynamically and
follow the path selection of the ants differently ™.

colony

HOPIO)

reallowed,

, j € allowed, (1)

0, j # allowed,
The steps of implementing the logistics vehicle
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scheduling by using the ant colony algorithm are
as follows. First, the initial algorithm with the
parameters such as the number of vehicles
collected, the starting point, the departure time,
the vehicle's stay in the parking lot, the user's
situation, the user's address, and the wuser's
demand are provided. Second, it is assumed that
in the absence of pheromone, the equation is used
to calculate the initial data of the path distance.
The number of times that an ant iterates at the
initial starting point is 1. The third is to let the
time ant ant and cost ant adaptively choose the
next location j. The fourth is to determine
whether the time to reach location j is the
shortest. If the ant representing the vehicle is
running longer than expected, the algorithm must
return to the previous steps 1-3 to reselect. If the
arrival time of the vehicle is within the planned
time, the next location will be selected after
completing the mission. The fifth is to calculate
the vehicle transit time Tt and the cost parameter
Tc. Time ants and cost ants are compared to find
out the lines and the local pheromone on these
routes is updated. Finally, according to the
concentration of pheromone, the current global
optimal route Rbest is found. The sixth is to let
the ants in the entire ant group go through the
path selection processls. The value of the global
optimal pheromone is calculated and the global
pheromone is updated. The seventh is to judge
the current iteration number g>G. If the value
exceeds G, the loop is stopped and the optimal
result is output. If the value of >G is increased,
the number of iterations is increased by one and
the algorithm returns to ster three. The above
process iteration is repeated 1 Figure 1 shows the
basic principle of the ant colony algorithm.
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Figure 2
Flow Principle Of Basic Ant Colony Algorithm
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The effect of ant colony algorithm on the
intelligent planning of vehicle logistics circuits
mainly depends on the path selection,
pheromone update principle and parameter
indexes. Starting from this principle, the vehicle
logistics intelligence model is also a muldi-
objective optimization problem. If decisions are
to be made in daily life, the indicators of
influence will often not be single. If multiple
choices must be made to make a choice, it will be
a question of whether the choice of decision-
making scheme is the best choice, that is, the
process of making the optimal decision-making
process, which is also often difficult to choose .
Therefore, the solution to the multi-objective
optimization problem is often to find the optimal
solution or the optimal solution set in some
range. The optimal solution here is called the

Tob Regul Sci.™ 2021;7(5-2):4763-4774

Pareto optimal solution. It is a method of
comprehensive and coordinated post-processing.
The problem of using mathematical principles to
optimize multi-objective decision-making is to
establish a process of matching function
expressions around these goals '*. By building the
function model for each objective's objective
function and its constraints, it is possible to
provide a solution model that can be followed for
similar problems. The function model of the
multi-objective optimization problem (MOP)
under general conditions is shown in equation (1).

:
X =062, %,) , and here the space vector is

represented by n  dimensions. f(xNi=1.2---,m)
stands for different sub %oa There is an m-
dimensional vector (hlX X)) in the

target space of the problem. gI(X)S0,|=L2,~--, Pis
a model-constrained constraint function
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min ()= (), £,X) - 1.(X)
X eQcR" (2)
st gi(X)<0,i=12---,p
The control of the operating costs of logistics
vehicles is a comprehensive and balanced system
that cannot influence only one goal but other

goals. In order to achieve multi-objective vehicle
scheduling optimization, the main purpose is that
the vehicle's direct and indirect costs must be
most effectively controlled *. The two indicators
of the overall cost of logistics vehicles P and
vehicle safety S can be used to represent the
quantitative under multi-objectives in Figure 3.

( i

Figure 3
Logistics Vehicle Cost-Safety Relationship Model
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METHODS

In the later stage of the algorithm, the ant
colony algorithm adds random factors to help the
ant colony do not go into the local optimal
misunderstanding and find the global optimal
solution. The principle of random factors is that
when the ant colony enters the next node, there
are three directions to choose from. It is assumed
that the probabilities of these three directions are
calculated to be 0.3, 0.4, and 0.6, respectively.
Traditional ant colony algorithm will inevitably
choose the direction of probability 0.6 as the next
node to move. At this time, random factors are
introduced and a random node is selected to
participate in the ant selection in the segmented
region of (0, 0.3) (0.3, 0.4) (0.4, 0.6). This
allows most of the ants to choose randomly with
probability in the path selection. It is also
possible to let some ants choose another new
path under the new probability, which can
reduce the probability of going to a relatively
short route. The improved transfer rules are
shown in equations (4) and (5). Among them,

the time of the algorithm is t, and allowed k(l) is

the combination of the aggregation points that
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may be selected at the starting point of the K-th
ant i-path.

{arg MaX; caiiowe, (i){[Ti.i (t)a I’7i,i (t)ﬂ]} (4)

j  other

nlj(t) dij(t) (Su(t) dij(t) (dpl+dPJ dlj)] (5)
Entering a local search is one of the most likely
to occur in an ant colony algorithm that affects
the best solution. Here, 2-opt can be used to
optimize the computational solution for each local
search, allowing the optimal solution and the
nearest neighbors to be interchanged, thus
obtaining a new solution. After the new solution
is used for loop search, if the result is due to the
originally calculated optimal solution, the new
solution is used to improve the quality of the best
solution of the ant colony algorithm. Figure 4 is a
comparison of the area decomposition of the
optimal path map and the local optimal path. It
can be seen from ¢ and d in the figure that the
best route at this time is ABC, and the local best
route is BAC. Actually, the length of BC is greater
than AC, which is to avoid that all ants at point C
choose A as the next node, so that it can avoid
going out of the best case of local search.
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(a) Part of the optimal path map
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N
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(c) Part of the optimal path map

/

Figure 4

Comparison of the Optimal Path Graph and the Regional Decomposition Map of the
Local Optimal Path

(b) The first part of the local
optimal path map
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(d) Second parts of the local
optimal path map

The principle of 2-opt of the diverse heuristic
local optimization method is that it is a method
of exchanging the vectors of the best solutions
generated each time, and the guidance scope can
internally perform the interactive position of
such a child. The strategy for optimization and

improvement is: If the path weights after ant
interaction decrease and satisfy condition
O+ 0 <dia+d; 5 , (Lj)@+1,j+1) is used to
replace  (L,i+1)(j,j+1). Figure 5 shows the
optimization principle of ant colony switching.

Figure 5
2-OPT Schematic View of Swapping

-0 _

The optimization constant's volatility factor is
set as a variable function and the algorithm is
updated. In the commonly used ant colony
algorithm, the volatilization factor will choose a
fixed constant, which does not actually meet the
needs of practical applications. Volatilization
factors will increase with the increase in
pheromone concentrations and decrease with
less. So, the actual volatility function is a variable
function. As shown in formula (6). Here t+1
represents the pheromone concentration at the
time path ij. Azy(t) is the increase in pheromones,
where volatile factors are represented by the

norma
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1 P In the real state, the volatile factor becomes a

funciion “Ci®) relared o the pheromone
concentration at the time.
Tj (t+1):(1'p)7ij (t)+p1ATij (t) (6)

In order to further determine the specific
relationship of the functions, experimental studies
have found that there is a certain linear
relationship  between  volatile  factors  and
information concentration, as shown in Figure 5.
One of the relationships is the increase in the
concentration ~ of  pheromone, and  the
volatilization factor will appear as a concave
increase in the curvature. The other is that sudden
changes in information concentration do not
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occur, but merely the convex lines increase state
is shown. However, when the concentration of
single information exceeds a certain limit, the
volatilization factor will increase the state of the

concave line with increased curvature. The last
change in the function is that the volatility factor
increases following the pheromone and the
concave line increases.

0.1 |
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Figure 6

Relation Diagram of Volatilization Factor and Pheromone Concentration
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In smart dispatching, which aims to reduce the
cost of logistics vehicles, some constraints will
appear to restrict each other. In order to prevent
the path searched by ants from being inconsistent
with the actual situation, a search forbidden area
needs to be established during the operation of
the algorithm, so that the ants can only search for
nodes meeting the transportation needs of the
vehicle. The area that ants forbid to search will
be updated according to the logistics location
needs. The process of multi-population ant
colony algorithm is to initially process population

Tob Regul Sci.™ 2021;7(5-2):4763-4774

size and pheromones of four ant colonies. Four
target values are set for the four targets and four
populations are independently searched. After an
ant search in one of the populations is completed,
the search results are substituted into the objective
function for comparative analysis of the target,
and  co-evolutionary system operations are
performed on the information, so that the
evolution direction between the four populations
is consistent. The process of multi-population ant
colony algorithm is shown in Figure 7.
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Figure 7
The Flow of Multi Group Ant Colony Algorithm
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RESULTS

Simulation experiments are used to test the
performance of the optimized ant colony
algorithm. First, the environment and parameters
are set for the experiment. It is assumed that
logistics vehicles deliver goods to many delivery
points. Each delivery point has a time limit. It is
necessary to choose the appropriate distribution
vehicle to pass the appropriate route. After
finishing all the delivery points in an orderly
manner, it needs to return to the distribution
center. The overall goal is to minimize shipping
costs. Under this constraint, the distribution
center choose a truck with a suitable load. The
vehicle must meet the following conditions. First,
trucks start from the distribution center and
must return to the distribution center after

completing the task. The supply of delivery

Tob Regul Sci.™ 2021;7(5-2):4763-4774

points on each distribution route cannot exceed
the maximum load of the vehicle. The total length
of each delivery route must not exceed the
number of miles traveled by the truck. The
demand at each delivery point can be met and can
only be completed in one truck at a time. The
delivery time of each delivery point must be
guaranteed, and the total wage time of the vehicle
cannot exceed its longest working time.
Parameters such as the actual delivery point and
delivery amount must be returned to the
distribution center before the vehicle departs. The
latest delivery time cannot be less than the time
from the delivery center to the delivery point at
the specified speed. After the construction of the
constraint condition is completed, the experiment
is first carried out to solve the vehicle scheduling
problem in an ideal state.
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(a) Basic ant colony algorithm

Figure 8
Two Algorithms for Vehicle Scheduling Under Ideal Road Conditions

(b) Basic ant colony algorithm
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Figure 9 shows the relationship between the
number of iterations of the two algorithms and
the optimal function, which also identifys the
length of the optimal path. It can be seen from
the figure that the relationship between the

optimal route length and the number of iterations
tends to find the optimal solution in a straight
line state, as shown in the optimized ant colony
algorithm in Figure 7b.

(a) the best length 15 125.2545

Figure 9
The Relationship Between the Number of Iterations and the Optimal Function Of
The Two Algorithms

(b) the best length 1s 121.3217
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In order to verify the performance of the multi-
objective optimization under the ant colony
algorithm-based logistics vehicle cost constraint,
the duration m of each work unit in the raw data
is used to represent the time required under
normal working conditions, and t represents the
time required under the limit working state. m
and b in the direct cost of each subsystem
represent  the direct costs under normal

Tob Regul Sci.™ 2021;7(5-2):4763-4774

conditions and the direct costs under limit
conditions. After solving the direct costs of
subsystems by using unit cost and logistics
workload, the cost-effectiveness and safety-
reliability values of the unit can be obtained,
thereby establishing a relational model. The cost
function model is shown in Table 1.
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Table 1
Cost Time Function Relation Model
Maximum
X(i)trk number of B Cost time function relation
compressed days
X1 6 40231 C1=1100921+40413(21-ti)+2500ti
X2 2 831 C1=1000001+8721(15-ti)+2500ti
X3 12 13241 C1=4300000+14211(45-ti)+2500¢i
X4 7 23089 C1=87600+5471(12-ti)+2500¢ti
X5 5 5498 C1=973156+15012(11-ti)+2500ti
X6 4 15028 C1=50656+3278(7-ti)+2500ti
X7 2 3209 C1=10231+518(8-ti)+2500ti
X8 2 9572 C1=312301+9561(17-ti)+2500ti
X9 1 18 C1=3218+17(11-ti)+2500ti
X10 0 0 C1=4680+2500ti

The above calculation data matrix is run into
the multi-population ant colony algorithm
proposed in this paper. Running in a matlab
environment on a computer-aided platform, ans
a three-dimensional scatter plot of the time, cost,
quality, and safety of the experiment can be
obtained, as shown in Figure 10. From the
scatter plot, it can be seen that the optimal
solution searched by the ant colony algorithm is
not a single entity but an optimal solution set. At

this time, the decision makers can make more
prominent choices for the different targets
according to actual needs. However, it can be seen
from the experiment that with the shortest
running time, it is impossible to achieve the
lowest cost and highest quality. Therefore, the
choice of the final optimal plan needs to be
determined  after  combining the actual
comprehensive balance.

Figure 10
Time Period - Cost - Quality - Safety Three Dimensional Scatter Plot

Finally, the basic ant colony algorithm and the

Tob Regul Sci.™ 2021;7(5-2):4763-4774

optimized ant colony optimal convergence curve
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proposed in this paper are compared. The results
are shown in Figure 11. The optimized ant
colony algorithm has better solution quality than
the traditional ant colony algorithm and the

minimum number of loops required for the
showing that the optimized ant colony algorithm
has greatly improved the search accuracy and
convergence speed.
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Figure 11
Two Algorithm Convergence Curve Contrast Diagram
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DISCUSSION

The logistics vehicle scheduling problem is a
multi-NP complexity problem. The ant colony
algorithm originates from the bionic evolution
process of ants searching for the optimal path,
and has unique advantages in solving path
optimization problems. On the basis of
expounding  the implementation  process,
principle and mathematical model structure of
ant colony algorithm, the structural optimization
and equations of the algorithm are updated from
the characteristics of increasing logistics network
e-commerce traffic and the constraints of
dynamic changes in logistics vehicle operations.
First, function updating is performed on
transition  probabilities to optimize path
selection. The volatile constants in the
optimization constant are studied. Volatilization
factor variable functions are proposed to improve
the accuracy of the ant colony algorithm. The
heuristic local optimization method 2-opt is used
to avoid the ant colony algorithm from entering
local search. A multi-objective model such as
cost-time-security is established to achieve safe
operation of the vehicle under optimal control of
costs. Finally, simulation tests are conducted to
prove that the accuracy and convergence of the
optimized ant colony algorithm are outstanding.
The best route searched out can effectively

Tob Regul Sci.™ 2021;7(5-2):4763-4774

control the running cost of logistics vehicles.
There are still some areas that can be improved in
this study. The next step can be further studied
from the optimization of ant colony algorithm
process.
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