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Abstract: In recent years, online shopping has greatly promoted the development of the logistics industry. Logistics
path planning has become a hot research topic among many researchers. Although path planning has been discussed
by several previous studies, some real logistics conditions are not considered like obstacle and road slope. This paper
presents a novel proposal to solve the problem of path planning for logistic vehicle based on Ant Colony Optimization
(ACO) algorithm in the environment in which exists the obstacle. There are two kinds of environment in the path plan-
ner application, one is a single obstacle placed between the starting point and the terminal point in a known map which
is recognized, then uses the ACO to find an optimal path with the capability to avoid impact with the obstacle for a
logistics vehicle. The other works in the model with multi-obstacle and the same map as before to explore whether the
best path solution can be found successfully by the ACO algorithm. Through experimental evaluations, the AOC can
be verified to solve the path planning problem in the static, the grid and muti-obstacles environment model. Addition-
ally, different from the common path planning algorithm, the size of the logistics vehicle is considered, the situation
of touching the fringes of obstacles could be avoided, which is able to apply the logistic vehicle in the real environment.
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I. INTRODUCTION

In the informative society, automatic devices have re-
placed manual working. In order to meet the needs of all
aspects, a variety of robots with different functions ap-
pears which is not only applied in manufacturing, fam-
ily entertainment, military use, dangerous situations, un-
known environment detection and medical care, but also
in some difficult things that human can not reach, such
as the UAV, automatic vehicles, automatic warehousing
systems, patrol robots and so on. The invention of robots
could help human avoid dangerous situation while work-
ing, which makes them become a high technology im-
proving life equality in the future [1, 2, 3, 4]. There are
quite a few papers mentioned in different ways to find the

best path planning algorithm. For example, [5] proposed
A* search algorithm(A-star) in 1985, he believed that A
* search algorithm means the two evaluation functions
h (n) and g (n) work together aiming to minimize the
cost of all paths. Hence, A* search algorithm possesses
the function of optimization path, but the low speed on
searching. Dijkstra, which is the classical algorithm pro-
posed by Edsger W. Dijkstra in 1959. The algorithm is
used to obtain the shortest path from the starting point
to all the other points. It adopts the greedy-choice strat-
egy to seek the point which is the closest to the current
point. However, it cannot be used to handle the negative
edges. The high resources-consuming is also its another
disadvantage [6]. [7] mentioned the genetic algorithm

∗Correspondence concerning this article should be addressed to Luo Jun-Qi, Department of School of Electric and Information Engineering,
Qinzhou University, Guangxi, China. E-mail: l.junqi@hotmail.com
c⃝ 2018 KKG Publications. All rights reserved.

https://dx.doi.org/10.20469/ijtes.4.10003-3
l.junqi@hotmail.com


Qi, L. J et al. / International Journal of Technology and Engineering Studies 4(3) 2018 96

in 1995, it is a parallel search which can get a global
optimal solution. This algorithm mainly imitates natu-
ral selection that selects the better mother and exchanges
genes in random, hoping to produce a better offspring.
Although it could help to produce the most adaptable
species by repeating performance, it has some disadvan-
tages, like slowing computation time and convergence
rate. The ant colony algorithm, proposed by [8] in 1992,
has been discussed by many scholars. Actually, the ant
colony optimization follows the example of the forag-
ing behavior of real ants. Real ants can find the shortest
path between the nest and the food without any obstacle
because the former ants could leave pheromone and the
later ones would follow the path with heavy pheromone,
which could reach the goal on sharing experience on the
path.

The first priority of path planning is to create a
known map and establish an environmental knowledge
base of the known map, and then it could update the po-
sition of the object on the known map and property on the
known map from environment information provided by
the sensor and the monitoring center of the logistics ve-
hicles, which could make environmental knowledge base
more palatable to dynamic information [9, 10, 11]. The
path planning is an important research content in logis-
tics car motion, that is, it could work out the best path
from starting point to the ending point according to the
algorithm in the environment with obstacles so that lo-
gistics vehicles could easily avoid all the obstacles on
the path [12, 13].

This thesis focuses on studying an algorithm of the
optimal path for logistics vehicle in the indoor naviga-
tion. It will find out the shortest path by ant colony algo-
rithm with the construction of logistics vehicles position-
ing and navigation system and map, which could make
this vehicle find the accurate and optimal path from start-
ing point to the ending point without touching any obsta-
cles. We herein investigated the feasibility of applying
the grid environment model to solve the path planning
problem. Also, the algorithm can be used by the logis-
tics vehicle.

II. LITERATURE REVIEW
Path planning is the primary part for the naviga-

tion and motion control of logistics vehicles, which is
a branch of NP-hard problems. The quality of the solu-
tions will strongly impact the efficiency of logistics ve-
hicles. Upon most occasions, the exact algorithm such
as exhaustive search becomes inefficient when the scale
of the NP-hard problem grows up [14]. Notably, the time
for finding the optimal solution grows exponentially with

the instance size n. Fortunately, Extensive work has been
done in the area of metaheuristic, which is the combi-
nation of random algorithm and local search algorithm.
Previous studies have indicated that the NP-hard prob-
lem can be solved by metaheuristic with high-quality
solutions. Simulated Annealing (SA), which is a local
search method, enlightened by the process of the phys-
ical annealing of solids. SA has been proved that the
optimal solution can be found under some conditions but
poorly global search capability [15]. Tabu Search (TS),
an optimization algorithm can avoid getting stuck in a
local optimal solution by the tabu list, but easy influence
by initial solution selection of neighbor solution [16, 17].
Another algorithm with attracting great attention is the
Genetic Algorithm (GA), an optimal algorithm inspired
by the theory of natural selection. By comparing other
optimal algorithms, GA has the ability to generate good-
quality solutions in a short time through genetic opera-
tors such as mutation, crossover, and selection. Yet, it
is liable to appear premature convergence and stagnation
behavior [18]. ACO, the algorithm we applied in this pa-
per, is able to use the foraging behavior of artificial ants
to find the optimal solution. Benefit from the characteris-
tic positive feedback and distributed computation, ACO
can obtain the optimal solution with high efficiency, but
sensitive to the parameters setting. Moreover, ACO tends
to get sub-optimal solution cause of the characteristics of
ant colony [1]. In order to improve ACO, some schol-
ars propose some creative strategies, for example, the
Elitist Ant System (EAS), which provides robust extra
strengthening to the arcs belonging to the best line found
so far [19]. Another improvement is the rank-based ant
system(ASrank), the core idea is each ant deposits an
amount of pheromone that decreases with its rank. As in
EAS, it is an additional strategy for reinforcing the posi-
tive feedback [20].

In past few years, the relevant literature demon-
strates that algorithm fusion can be substantially im-
proved the algorithm performance. Fidanova proposed
local research mix the ACO can restrain premature and
accelerate the convergence rate [21]. Alajlan and Chaari
presented an efficient method to fuse GA and ACO so
that it can ameliorate the global optimized search capa-
bility and reduced search time [22].

III. PROPOSED METHOD
This method applies ant colony optimization to deal

with the path planning of logistics vehicle. It will ob-
tain the environmental map information first and then
make it realize gridding. Then, the obstacles and fea-
sible paths can be distinguished by different kinds of lat-
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tice points, so the ants cannot touch the obstacles when
walking. When the path is planned, all the pheromones
on accessible paths can be initialized to a fixed value and
will also change over time.

The computational flow chart of Ant colony algo-
rithm is shown in Figure 1.

Step 1: Environment map definition. We need to
know the size of the map, the position of the starting and
ending points and position of each obstacle.

Step 2: All ants start moving from the starting
point, and the algorithm would work out the next points
that are accessible.

Step 3: According to formula (1)(2), the algo-
rithm calculates the probability of each selected acces-
sible point Pk

i j(t).
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Where Pk
i j(t) is the probability that k-th ant k chooses to

move from city i to city j; allowedk is the set of cities that
ants have not visited yet; α and β influence the impor-
tance of heuristic coefficient; τi j(t) represents the resid-
ual pheromone concentration on the path connecting city
i and city j at time t, ηi j(t) represents the heuristic in-
formation is the end of the path planningexpressed as
1/d( j,E)where E is the end of the path planning, and
d( j,E) means the distance between j and E0.

Step 4: The ant moves to the next point and the
point that has passed is removed from the list of all avail-
able points to prevent the ant from forming a loop on the
path.
Step 5: Determine whether the ants reach the end and
repeat steps 3 and 4 until all ants arrive at the end.

Step 6: Record the walking path and length of
each ant and update the pheromone field. Paths through
formula (3) to evaporate and increase pheromone. The
pheromones of all paths are reduced, and some paths add
some pheromones to the places where the ants traveled.
(3) (4) where p is the pheromone volatilization coeffi-
cient and ρε [0,1), ∆τi j(t) is the pheromone increment
which remains in the path (i, j), Q is the concentration
of pheromoneLk is the path length of the k-th ant in this
cycle.

τi j = (1−ρ)τi j +∆τk
i j (3)

∆τk
i j(t) =

Q
Lk

(4)

Step 7: Repeat Step 2 to Step 6 until the number
of iterations satisfies the end condition and the error of
result from the first 50 generations must be equal to zero.

Fig. 1. Computational flow chart of ACO

The optimal path rule definition. In a known in-
door environment which contains several obstacles. The
logistics vehicle moves from the starting point to the
ending point, and the process of movement cannot col-
lide with any obstacle. In order to make logistics vehicle
complete the task successfully, the article defines three
conditions rules on the best path.

1. Environmental information is known, including
the size of the map, the position, shape of obstacles, and
the positions of starting and ending.

2. There are a variety of routes between the start-
ing and the ending points, and the logistics car must
complete the mission without obstacles.

3. The running result must be the shortest path
between the starting point and the ending point within a
short time.

Build environment map. This thesis mainly aims
at the best path planning in the known environment. In
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order to write the adaptive function program in the algo-
rithm and find out the best path smoothly, to find out the
best path and obtain the necessary environmental infor-
mation is the first priority. According to the simulation
requirements, this paper first builds a 20mx20m environ-
ment map, adding two 4mx8m obstacles, starting at (0.5,
19.5) blue dots and ending at (19.5, 0.5) red dots, the

known environmental map information as shown in Fig-
ure 2.

After the environmental map and obstacle infor-
mation are set up, it is necessary to consider that the
size of the logistics car itself may cause a collision with
obstacles during exercise. It is necessary to exclude the
situation that the planned route will pass through the
edge of obstacles.

Fig. 2. The 20m×20m grid network

Adaptability function. It can use the coordinate of
path connected by the starting point and the ending point
to identify whether it is a valid path, and the coordinate
point is the shortest path. Three rules are defined accord-
ing to the problem of path planning.

Rule 1: The coordinate point of path is not al-
lowed to fall on the obstacle.

Rule 2: The coordinate point of path is not al-
lowed to fall on the repeated coordinate point.

Rule 3: the line which is connected by any two ad-
jacent coordinates is not allowed to touch the obstacles.

IV. EXPERIMENTAL RESULTS AND
DISCUSSION

In the simulation, a simple environment is estab-
lished, which contains two obstacles in the center of the
grid network, the parameters are initialized, which α =
1, β = 7.5, ρ = 0.3, Q = 1. The simulation result of the
optimal path is shown in Figure 3. The result of Con-
vergence tendency is shown in Figure 4, which shows
the convergence curve converges on the 33rd generation,
and the final convergent path length is 30.38m.

Fig. 3. The optimal path found by ACO in simple environment
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Fig. 4. Convergence tendency of the ACO algorithm with two obstacles

Figure 5 demonstrates another simulation with
multi-obstacle environment, the parameters are set to α
= 1, β = 7, ρ = 0.3 and Q = 1. The simulation results are

shown in Figure 5 and Figure 6, the convergence curve
converges on the 37th generation, and the final conver-
gent path length is 32.73m.

Fig. 5. The optimal path found by ACO in complex environment

Fig. 6. Convergence tendency of the ACO algorithm in complex environment
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According to the previous report, we chose the pa-
rameters as α = 1, β = 7, ρ = 0.3 and Q = 1. After ini-
tialization the parameters, the ants will be randomly se-
lected the next visiting point because the concentrations
of all the accessible points are equivalent. It is notewor-
thy that ants tend to choose the points which are closer
to the ending. This bias depends on the value of β : the
high value had the higher tendency. The algorithm pos-
sesses both excellent exploration capability and conver-
gence rate when the value of β is set as 7 or 7.5. Figure 3
and Figure 5 showed that the line of path length decline
with oscillation before convergence. This is because as
the number of iterations increases, shorter paths leave
more pheromones than longer ones, and the ants tend to
choose shorter ones. Respectively, after 33 and 37 itera-
tions, the gap of pheromones will become extremely big.
In contrast to the shorter path, the pheromone level of the
longer paths remains only very rarely, or never, receive
more pheromone. In this case, the probability that the
ants choose the shorter one unlimited approach 100%.
As expected, the result has been converged, and a hori-
zontal line has been observed in Figure 4 and Figure 6.

Figure 3 and Figure 5 also ascertain that the al-
gorithm can find the optimal solution in both the simple
static environment and the complex static environment.

V. CONCLUSION
The results of the computer simulation experiment

indicate that the ant colony algorithm can implement op-
timal path planning in the grid and complex environment
model. Taking into account that the logistics vehicle
itself could obstruct the obstacles, therefore, it should
avoid the situation of planning the path from the edge
of obstacles. Our findings provide evidence that the al-
gorithm plays a key role in the practical application of
logistics vehicle. As with the common ACO, we also
found that the parameters choosing can greatly influence
the quality of solutions. Besides, the method that we dis-
cussed in this paper is not fully verified yet for the real-
time obstacles environment. So in the paper, we limit
our discussion to the method of optimal path planning
is based on known environments and static obstacles. In
the future, further research is needed to verify the dy-
namic obstacles in the grid environment model can be
solved by the ACO.
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