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Obstacle avoidance path planning capability, as one of the key capabilities of UAV (Unmanned Aerial Vehicle) to achieve safe
autonomous flight, has always been a hot research topic in UAV research filed. As a commonly used obstacle avoidance path
planning algorithm, RRT (Rapid-exploration RandomTree) algorithm can carry out obstacle avoidance path planning in real time
and online. In addition, it can obtain the asymptotically optimal obstacle avoidance path on the premise of ensuring the
completeness of probability. However, it has some problems, such as high randomness, slow convergence speed, long transit time,
and curved flight trajectory, so that it cannot meet the flight conditions of the actual UAV. To solve these problems, the paper
proposes an improved RRTalgorithm. In the process of extending the random tree, ACO (ant colony optimization) is introduced
to make the planning path asymptotically optimal.*e optimized algorithm can set pheromones on the path obtained by RRTand
select the next extension point according to the pheromone concentration. And then through a certain number of iterations, it
converges to an ideal path scheme. In addition, this paper also uses MATLAB to verify the effectiveness and superiority of the
algorithm: Although RRT is easy to fall into local optimization, since the optimization method in this paper can almost certainly
converge to the optimal solution, when it is necessary to preplan the path before UAV takeoff, it can be used.

1. Introduction

Planning on autonomous cruise of UAV (Unmanned Aerial
Vehicle) with a collision-free track, which meets the high
requirements about continuity constraints and output sta-
bility, is the research hotspot of multiagents’ intelligence.
With the increase of the complexity of planning space, it is
more difficult to accurately calculate the UAV track. *us, it
is necessary to make a comprehensive study on how to
obtain a track planning method that can effectively deal with
most complex environments. Barros et al. [1] focus on the
uncertainty of UAV and believe that this is mainly due to the
existence of most random sampling points in the planned
path. Zhang et al. [2] propose a new method to solve the
UAV track problem by using a specific rewardmatrix. Ollero
et al. [3] show the path planner is essential in the procedure
schedule which is feasible given the specific constraints of
UAVs. Merino et al. [4] give the techniques on trajectories
planning of cooperated UAVs and decreased the uncertainty

in fire detection and increased the fire localization accuracy.
Oh et al. [5] design a framework and use the concept of
differential geometry to discuss the cooperative mission and
path planning of multiple UAVs.

By all rights, the desired well-planned path should have
such features: is smooth, avoids obstacles, and has a rela-
tively short path length. *erefore, many scholars use ant
colony algorithm (ACO) to solve related problems. Wang
et al. [6] introduce many common algorithms for solving
UAV problems including ACO.*ey show that ants can find
the best path because they have special secretions called
pheromones, and by releasing pheromones, ants can in-
fluence the path of other ants. At the same time, it can be
noted that, in each iteration of ACO, pheromone accu-
mulation is faster than volatilization on the better path, but
opposite on the worse path. Marco and Christian [7] read a
lot of literature about ACO and then summarized its relevant
application, optimization, and changes. Ma and Zhang [8]
applied ACO to the route planning of cruise missiles with
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complex environment and strict constraints. Bo and Zhao
[9] proposed that cloud computing technology and multi-
objective ACO can be used for route planning for UAV. On
the basis of analyzing the tactical characteristics and mission
requirements of UAV, Qian et al. [10] designed an ACO that
can search and iterate independently. Deng et al. [11] in-
troduced the yaw angle into ACO, so that it can search the
optimal route more quickly and effectively. It can be known
that when looking for the path, ants will focus on the path
with high information concentration. After enough itera-
tions, ACO can finally converge to a global better solution.

At the same time, RRT (Rapid-exploration Random Tree)
algorithm is also used to solve such problems. Fu et al. [12]
present a new variant of particle swarm optimization, phase
angle-encoded and quantum-behaved PSO, which can be
designed to generate a safe and flyable path in the different
threat environments for UAV. RRT algorithm can effectively
solve some problems existing in traditional path planning.
Dong et al. [13, 14] give the experimental test about unmanned
ground vehicle to deliver goods using RRT (Rapid-exploration
Random Tree) algorithm for path planning, and many factors,
such as collision detection, nodes selection, tree expansion of
the RRT, are taken into account. Kong et al. [15] improved the
search process of RRT by using the principle of odor diffusion.
In order to develop a safe and effective lifting path in a complex
environment, Wang et al. [16] applied RRT to crane hoisting.
Wu et al. [17] greatly shortened the planning path of RRT by
traversing the high-quality nodes of the sampling pool and
using these nodes to customize the spanning tree. Taheri et al.
[18] proposed a path planning method that can effectively
reduce the running time and computational complexity, which
is called fuzzy greedy fast exploration random tree (FG-RRT).
Wang et al. [19] modelled the tree selection process as a
multiarm bandit problem and used reinforcement learning
algorithm to learn action values. It can not only enhance the
local space exploration ability of each tree, but also ensure the
efficiency of global path planning. Salzman and Halperin [20]
combined RRT with another algorithm, and then the system
decides which one to choose according to the value of ap-
proximation factor. Wei and Ren [21] give a path optimization
strategy based on maximum curvature constraint, which can
greatly improve the sampling speed of RRT and generate
smooth continuous executable paths for robot manipulators.
Fernando et al. [22] solved a motion planning problem by
using RRT and obtained a feasible, low-cost, asymptotically
optimal and probability complete path. Pharpatara et al. [23]
combined the artificial potential field with RRT, which can
accelerate the convergence speed to the suboptimal solution by
bias against the generation of random states. Lin [24] shows an
adaptive RRT algorithm based on dynamic step size and
smooths the planning path by Hermite difference polynomial,
which reduces the planning time and improved the path
quality. Yang et al. [25] solves the difficult problem of pro-
gramming under differential constraints. Because of its high
optimization performance, RRTdoes not need to geometrically
divide the task area first and the computational complexity will
not change significantly with the increase of obstacles or
threats. *e algorithm should be completed under the query
condition of sampling list and can quickly find a reasonable

planning space combined with the information in the envi-
ronment. Compared with other algorithms, it has significant
advantages, such as fast adaptation to task environment, strong
short-term replanning ability, fast dynamic change of envi-
ronment, and so on. However, when the environment is
surrounded by obstacles and the exit channel is very narrow, it
often cannot find the exit, resulting in the failure of finding the
path. *erefore, it is hoped to eventually converge to a good
pathwith expectations by continuously optimizing RRTresults.
It can be known that there are different nodes in the con-
vergence process of RRT. By analyzing these nodes, a greater
probability is given to the nodes on the better path to extend to
random trees; meanwhile, probabilities of nodes on the worse
path of being extended are smaller. *e next RRT expansion
node is determined by the previous evaluation result, and then
continuous iterative optimization is carried out to obtain a
better solution. Considering that ACO can always find the best
path after enough iterations, it can be used to optimize the path
obtained by RRT and finally get better results. Based on this
idea, ACO is introduced and an RRT path optimization
method for ACO is proposed in this paper.

2. RRT Algorithm

When optimizing RRT, Feng and Liu [26] proposed a new
idea of expanding random tree. At the same time, Lin et al.
[27] also believed that the improvement of tree nodes is an
important direction of RRT. When planning the path with
RRT, once the leaf nodes of the random tree are included in
the points in the target area, the expansion of the random
tree stops and a line connecting the two points appears. *e
extension of RRT is shown in Figure 1.

In Figure 1, Trepresents the currently existing expansion
tree, and qrand represents a random sampling pt in the state
space. *e selection principle of qrand is as follows: the target
point qgoal is determined by probability goal − pro, and a
point is randomly selected in the planning area with
probability 1-goalpro. Besides the random sampling point
qrand, there is a closest tree node qnear, and then on the
connection of qrand and qnear a new node qnew will be
intercepted in units of extended steps. If no obstacles are
encountered in the process of moving toward the new node
qnear things, then add qnear to the expansion tree; otherwise
you need to reselect it as qrand. Continue iterative calculation
until qnew reaches the target area and the algorithm ends;
then a path through the beginning qini and the end qgoal
appears in the expanding tree T.

3. Comprehensive Improved RRT Algorithm

3.1. Add Optimization Process in RRT Algorithm.
According to the above, it can be known that RRT can
quickly obtain feasible flight path of UAV. However, it
usually cannot obtain the shortest flight path. Aiming at this
shortcoming, an improved RRT algorithm is proposed in
this paper.*e algorithm will add a new node to the tree and
search whether there is a new parent node in the tree node in
the ring neighborhood far away from it. If a lower cost path
can be obtained by connecting new node to its parent node,
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the algorithm will just do it. In addition, it will search for
other nodes around. If a shorter path can appear by con-
necting the tree node and the new node, the algorithm will
do it. In Figure 2, the improved path optimization process
described above will be shown.

After adding the optimization process, the algorithm can
have asymptotic optimality while maintaining its own
completeness. *is solves the problem that the RRT algo-
rithm cannot guarantee that the resulting path is an opti-
mized path. *e following table will describe the specific
steps of this improved algorithm in detail:

Step 1. Firstly, the tree should be initialized, and starting
point will become root node of this tree. In the space do-
main, sampling points are obtained by random sampling.

Step 2. Search the closest tree node in the neighborhood of
sampling point to get the nearest neighbor.

Step 3. Starting from the position of the nearest neighbor,
extending a step distance to the position of the sampling
point, a new node is obtained, and the nearest neighbor is
used as the minimum point near the new node.

Step 4. Check whether the path between the nearest
neighbor and the new node is threatened by obstacles. If the
path segment is not threatened by obstacles, it indicates that
the new node is feasible, and it can be added to the random
tree. Otherwise, the algorithm will give up on it and skip
back to Step 1 to continue.

Step 5. Get a circle with the new node as the center and its
step size as the radius to create a new neighborhood of the
new node. Connect the tree nodes contained in the
neighborhood to it, respectively, then check whether the
newly connected path segments will be collided, and discard
obstacles and regional point.

Step 6. Iteratively search whether there are tree nodes that
meet the conditions in the cyclic neighborhood. *e total
cost of the new node and its parent node is greater than the
nearest neighbor point obtained in Step 2. *e path cost
obtained after the new node is connected is smaller. If it
exists, use this tree node to replace the nearest neighbor as
the parent node of the new node and the minimum point in
the neighborhood of the new node; otherwise continue to
perform subsequent steps.

Step 7. Ignore the minimum point in the circular neigh-
borhood obtained in Step 6, establish the connection in the
neighbor between the new tree node and other tree nodes,
and then check whether it will encounter obstacles to discard
the points located in the obstacle area.

Step 8. Iteratively find whether there are tree nodes that
meet the collision detection condition in the cyclic neigh-
borhood.*e total cost of the new node and its parent nodes
should be greater than its current cost. If such a lower path
exists, make the new node become the parent node and
establish the contact path of the tree node and its child
nodes; otherwise continue the subsequent steps.

Step 9. Repeat these steps unless the target point has been
already in the tree.

*e path is asymptotically optimal, but its process of
searching for the optimal path increases the computation.
*e algorithm converges slowly and consumes more time, so
its real-time performance is not as good as RRT algorithm.
When we plan the path, we hope that the planning time is
short and the planning path is short. It is most satisfactory to
be able to plan the optimal or suboptimal path under the
condition of ensuring real-time performance. *erefore, we
continue to improve the algorithm.

3.2. Ant Colony Algorithm Is Added into RRT Algorithm.
*e intelligent optimization algorithm proposed by bionics
research can get the ideal solution after enough iterations. In
the optimization of ACO, pheromone accumulation speed
on the better path is indeed faster than that on the volatile
one. However, pheromone accumulation speed on the worse
path is not slow. *is phenomenon affects whether ants can
choose a better path or not. *us, the speed of ACO con-
vergence is quite slow. At the same time, it is found that the
speed of RRT to get the final path is very fast, but it is much
different from the best solution. *erefore, pheromones are
set according to the path obtained by RRT. *en the next
expansion point is randomly obtained according to the
number of pheromones through roulette selection method.
Finally, it can come to an ideal path.

3.2.1. Pheromone Calculation. When the first-generation
ants complete the path search, the task of subsequent ants
can be regarded as the optimization problem of this path.
*is paper takes the traveling salesman problem as an ex-
ample to illustrate the ant colony system model. Make the
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Figure 1: Basic RRT algorithm expansion process.
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Figure 2: *e path optimization process. (a) Node expansion.
(b) Parent node reconnection. (c) Random tree reconnection.
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following assumptions about the behavior of ants: the
number of ants is m; the count of cities is n. *en the
probability of ants in generation k from city i to city j at time
t is

p
k
ij �

τij(t)ηβij
uεallowedk

τiu(t)ηβiu
, jε allowedk,

0, otherwise.

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(1)

Among them, τij(t) represents, at time t, the number of
residual pheromones from city i to city j. At the beginning,
the number of pheromones on each path is equal τij(0) � C;
C is a constant; dij represents the distance from city i to city
j, ηij � 1/dij means the heuristic factor between these two
cities, and β corresponds to its importance; allowedk indi-
cates that ant k is the set of next allowed to reach the city.

On the path, the count of pheromones will accumulate
with the release of ants and dissipate with the passage of
time. *ere are three pheromone update methods in Ant
System: ant volume model, ant dense model, and ant pe-
rimeter model. *e first two models update the pheromone
after each ant moves, while the last one updates the pher-
omone only after all ants arrive at the destination. Compared
with the other two, ant perimeter model pays more attention
to the change of global pheromone and is used more in the
research process. *erefore, this model is selected in this
paper. *e calculation method of updating pheromone in
ant perimeter model is as shown below:

τij(t + 1) � (1 − ρ)τij(t) + Δτij(t),

Δτij(t) � Δτk
ij(t),

Δτk
ij(t) �

Q

Lk

, tour (i, j) is done,

0, otherwise.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(2)

Among them, Q represents the preset total amount of
pheromones, L represents the length of the path passed by
ant k in the process of moving, and pheromones are dis-
tributed on this path evenly. p is the volatility coefficient of
pheromone. It means that if p becomes larger, the speed of
pheromone volatilization will become faster and the number
of pheromones remaining on the path will become less. *e
smaller the influence of previous ant routing results, the
stronger the randomness and the slower the convergence
speed. It can accelerate the accumulation of pheromones and
the convergence speed of algorithm, but it will also make the
algorithm sink into the local optimal solution and result in
the stagnation of the algorithm. When the algorithm gets a
good enough solution or after a preset number of iterations,
ants can get a path. *is is the optimal solution after
optimization.

*e improved algorithm still uses grid method to de-
scribe the location of obstacles and various points in the state
space. In subsequent optimization process, based on the
route obtained by first-generation ants through RRT, we

change the weight calculation method in the neighborhood
from being affected by gravity field and repulsion field to
being affected by pheromone.

3.2.2. Pheromone Update. If there are m ants moving in the
state space during each iteration, the first-generation ants
can find m paths through RRT. *e m paths are given
different pheromone concentrations according to a certain
gradient: if the path passes through fewer grids, the path
length will be shorter and more pheromones will be gath-
ered, and conversely, if the path passes through more grids,
the path length will be longer and fewer pheromones will be
gathered. Besides, the pheromone concentration of all grid
points covered by the same path is the same. Pheromones
should be focused on pheromone points such as grid(i, j) on
the grid point covered by the k-th optimal path being Δτk

ij.
When some grids are accessed by more than one path,
pheromones on such grid point grid(i, j) are superimposed
by pheromones on every path traversing the grid point:

Δτij � Δτk
ij, k ∈ [1, m]. (3)

When the first-generationm ants findm paths according
to RRT, the pheromone concentration of all grid points on
the map can be updated according to the above method. If
some grid points are not passed by ants, their pheromones
are still 0. Each generation of ants can leave certain pher-
omones for the reference of the next generation. For each
grid point in the map, set a random initial weight
random weight0 within a certain range; then the weight in
each grid affected by the pheromone is

weight0 � 1 + Δτij random weight0. (4)

From the third generation, after each path search, while
retaining all pheromones which belong to the previous
generation, the pheromones belonging to other generations
will volatilize to a certain extent. Similar to pheromone
updating method in ant colony algorithm:

τij(t) � (1 − ρ)τij(t − 1) + Δτij(t − 1). (5)

*en the weight in each raster is

weight0 � 1 + τij random weight0. (6)

Once a generation of ants completes their task, phero-
mones and corresponding weight in each grid point on the
map will be updated. According to the weights of the ad-
jacent grids of the current grid, the ant selects the next grid
point through the roulette wheel selection method.

4. Simulation

4.1. 7eory of Track Planning. Obstacle avoidance planning
of UAV means that, in the environment of unknown ob-
stacles, UAV can independently analyze the environmental
information and plan a collision-free path from the initial
state to the target state under some constraints (such as the
shortest time, the shortest distance, and the lowest energy
consumption). It can be explained mathematically.
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Suppose U � Rnu is the control input set of the system,
X � Rnx is the state space of the system, Xobs ⊆X represents
the threat area, Xfree ⊆X represents the safety area,
Xobs � Xfree � X, and Xobs ∩ Xfree � φ. *e following for-
mula is used to describe the UAV dynamic equation in the
track planning problem:

x(t) � f(x(t), u(t)),

x(0) � x0,
(7)

where x(t) ∈ X is the system state of UAV; f is the UAV
system model function; u(t) ∈ U represents the system
control input, and x0 ∈ xfree is the initial state of the system
at time t � 0.

In order to avoid obstacles better, the UAV shall meet the
following constraints when planning the road:

xt ∈ xfree,

u(t) ∈ U, for∀t ∈ 0, tf ,
(8)

where tf represents the time taken for the UAV to fly from
the starting point to the target point.

If xstart ∈ xfree is the initial point and xgoal ∈ xfree is the
target point, the obstacle avoidance planning problem can be
described as seeking the path from xstart to xgoal under the
conditions in expressions (7) and (8), which can minimize
the following objective function:

J 0, tf, u  � 
tf

0
g(x(t), u(t))dt. (9)

4.2. ProblemDescription. According to the above calculation
method of map pheromone update, this algorithm is
implemented by using MATLAB.*e 500 ∗ 500 grid map is
selected for the simulation experiment in this paper. During
every iteration, it will let 5 ants search the path. For these 5
routes obtained by the search, all nodes on the path are
extracted and the pheromone concentration is calculated.
Different pheromone concentrations are obtained according
to the number of times the node is recorded. Bring the
pheromone concentration and the previously recorded RRT
path nodes into the improved algorithm for iterative cal-
culation; set the bias probability p � 0.5. When the prob-
ability is greater than 0.5, the ant colony algorithm will be
selected; otherwise RRT algorithm will be selected. *e 5
paths are sorted according to their length, and the shortest
path is the local optimal path. *e pheromone on each grid
point covered by this path is 1. As the length becomes longer,
the pheromones on the grid points covered by other paths
decrease by 0.1 in order. On the longest route pheromone is
0.6. For pheromone remaining in the previous iteration, the
pheromone volatilization coefficient ρ is taken as 0.7. *e
maximum count of iterations is 10. Once the number of
iterations reaches 10, current optimal route will be output as
global optimal route. *e specific process is shown in
Figure 3.

Under this set of parameters, traditional RRTalgorithm,
ant colony algorithm, and the comprehensively improved

RRT algorithm of ant colony optimization were compared
experimentally with MATLAB. After 10 iterations, the final
results on four different maps are as follows.

4.3. Experimental Simulation. According to Figures 4–7 and
Table 1, by comparing path lengths of RRT, ACO, and ant
colony optimized RRTalgorithm under four roadblocks, we
can see that the paths of the last algorithm are obviously
shorter than others. *is verifies the effectiveness and su-
periority of our proposed algorithm. In map 1, the shortest
path of ant colony optimized RRT is 15.5% shorter than RRT
and 10.8% shorter than ACO. By comparing the other three
maps, it can be seen that ant colony optimization RRT can
usually be more than 15 percentage points less than RRTand
more than 10 percentage points less than ACO. *e ad-
vantage of ant colony optimization RRT is particularly
obvious in map 2. Its shortest path is only 74% of RRT or
79% of ACO.

Start

RRT path

Extract and calculate nodes

Calculate node pheromone concentration

Substitute the path node and 
pheromone concentration into 

the algorithm to iterate

p>=0.5?

RRT

No

ACO

Yes

Field search

Impact checking

End of iteration

Yes

Yes

No

Output path

End

Figure 3: Flowchart of improved RRT algorithm.
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After that, we compared the stability of the three al-
gorithms under map 1, and the experimental results after
200 repetitions are listed in Table 2.

In Table 2, it is not difficult to see that the difference
between the shortest path and the longest paths of ant
colony optimized RRT is only 108, while the corresponding
data of RRT and ACO reach 340 and 345, respectively. By
calculating the distance variance of the results of the three
algorithms, the advantage of ant colony optimization RRT
in stability is more obvious. Its variance is only 16.1% of
RRT and 14.4% of ACO. *erefore, it can be said that the

stability of the improved algorithm has been greatly
improved.

Due to the addition of domain optimization and ACO in
the process of RRT algorithm, this new algorithm takes
longer time for searching optimal route than RRTalgorithm,
but the results of the improved algorithm are obviously
better than RRT and ant colony algorithm. *e path is
shorter and more practical. Here, three algorithms are used
to find the path with a length of 900 to 930 in map 4, and the
time required for the experiment is recorded.

In Figure 8 and Table 3, it can be seen that no matter how
long the shortest path is set, the ant colony optimization RRT
can always find the appropriate path, and the time is much
lower than that of ACO. Although RRT can find the shortest
path faster in some specific path lengths, it is difficult to find the
path in most cases, such as when the shortest path is less than
920. To sumup, the algorithm is superior to RRTalgorithm and
ant colony algorithm in the time and reliability of finding
feasible paths. *is verifies its effectiveness and superiority.

(a) (b) (c)

Figure 4: Map 1 running path diagram. (a) RRT. (b) ACO. (c) Ant colony optimization RRT.

Table 1: *e shortest paths of three algorithms under different
maps

*e shortest path Map 1 Map 2 Map 3 Map 4
RRT 940 1259 806 1087
ACO 890 1178 789 968
Ant colony optimization RRT 794 932 698 876

(a) (b) (c)

Figure 5: Map 2 running path diagram. (a) RRT. (b) ACO. (c) Ant colony optimization RRT.

(a) (b) (c)

Figure 6: Map 3 running path diagram. (a) RRT. (b) ACO. (c) Ant colony optimization RRT.

(a) (b) (c)

Figure 7: Map 4 running path diagram. (a) RRT. (b) ACO. (c) Ant colony optimization RRT.
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4.4. Discussion and Analysis of Parameters in Improved
Algorithm. From the principle of ant colony algorithm
searching for the shortest path, many of its parameters (such
as convergence speed, path quality, and performance) are
closely related to itself. *e selection in this regard is usually
determined according to experience and adjusted according
to the experimental data. *e general selection method and
basis have not been formed.

In order to explore the impact of different parameters on
the performance of the algorithm, this section takes map 4 as
an example to conduct comparison experiments under
different parameters.

4.4.1. Pheromone Volatilization Coefficient. Pheromones in
ant algorithms are similar to human memory: memories of
previous paths influence subsequent decisions and they will
dissipate over time. ACO uses ρ to represent the volatility
coefficient. *e larger ρ, the faster the volatilization speed of
pheromone, and the global search ability of the algorithm

decreases. *e smaller ρ, the slower the volatilization speed
of pheromone. *e algorithm has strong global search
ability, but its convergence is poor.

Figure 9 and Table 4 are stating that, with the same other
parameters, the value of ρ has a great impact on ACO’s
convergence speed. While ρ becomes smaller, positive
feedback characteristic of the algorithm will be weakened
and randomness will be enhanced. *is makes it unable to
converge well. With the increase of ρ, its positive feedback
characteristics will be gradually enhanced and randomness
will be weakened. However, it is always easy to fall into the
local optimal state, so that it is difficult to obtain the global
optimal solution. It is obvious from Table 4 that the best
experimental result can be obtained when ρ � 7.

4.4.2. Population Size. ACO itself is essentially a random
algorithm and seeks the optimal solution through the
evolution of individuals in the population. Each individual
in the population corresponds to a feasible solution, and m

Table 3: *e time required for the three algorithms to find the path with a length of 900 to 930 in map 4.

910 911 912 913 914 915 916 917 918 919
RRT — 1.24 — — — 1.41 0.90 — 1.66 0.91
ACO 9.24 12.99 31.28 — 0.03 1.90 26.30 9.27 13.30 29.16
Ant colony optimization RRT 0.38 0.21 0.22 0.56 1.46 0.23 7.06 0.27 0.27 0.29
920 921 922 923 924 925 926 927 928 929 930
— — 1.50 — 1.67 — 0.09 0.19 — 0.73 1.82
8.94 0.04 — 5.70 10.80 6.98 5.54 10.79 8.92 1.90 1.78
9.4 0.3 1.18 14.32 0.40 0.31 0.28 0.23 0.50 0.41 0.28

Table 2: *e stability of the three algorithms under map 1 (distance).

Average distance Shortest distance Longest distance Distance variance
RRT 905 803 1143 3267
ACO 1025 930 1275 3638
Ant colony optimization RRT 787 740 848 525

tim
e (

s)

rrt
ant
rrt+ant

912 914 916 918 920 922 924 926 928 930910
shortest length
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5

10
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20
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35

Figure 8: *e time required for the three algorithms to find the path with a length of 900 to 930 in map 4.
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ants are a subset of the solution of the problem. With the
increase of subsets and the count of individuals in pop-
ulation, the search ability of ACO will become stronger.
However, once their number reaches a certain upper limit,
the pheromone distribution will be relatively uniform,
resulting in a reduction of the positive feedback of the al-
gorithm. On the other hand, if the number of ant colonies is
relatively small, its search ability will be reduced and it will
be easy to stagnate. For different ant numbers, simulation
results are shown below.

From Table 5, it can be seen that the number of ants
has a great impact on the results. If the number of ants is
close to the scale of the preset problem, the pheromone
distribution will be relatively uniform so that it will hardly
affect the next experimental process and results and will
not get a better path. Studies show that, taking the TSP
problem as an example, when the problem size is the
number of cities, the suitable choice of the number of ants
is between

�
n

√
and n/2. In this experiment, the effect is the

best when m � 70.

4.4.3. Ant Maximum Feasible Distance. In Table 6, Ant_-
MaxDis is the longest distance that ants can walk. *is
means that when the ant algorithm is triggered, it will run to
the longest distance to find the path. From the result data, it
can be seen that ant_MaxDis is an important factor which
affects the performance of the algorithm. When the other
parameters are the same and ant_MaxDis is 150, the al-
gorithm works better.

4.4.4. Ant Perception. In Table 7, ant_feelsize means the
perception degree of ants. After using RRT algorithm, it
starts to judge the use of ant colony algorithms and ensure
that there are enough points on the path for ants. After
testing, it can be seen from the results in the table that
ant_feelsize has little influence on the results of algorithm. In
other words, the RRT path is generated at the beginning of
the algorithm, and it has little impact on the ant colony.
*erefore, the randomness of RRT algorithm is solved, and
this algorithm has good stability.

5. Conclusion

*e path planning problem of UAV obstacle avoidance is
usually carried out in complex environment. Because the
result of RRT algorithm is basically not affected by the
complexity of the environment, this paper first thought of
using it. However, the randomness of RRT algorithm is too
strong to obtain a stable solution. At the same time, con-
sidering the strong convergence of ant colony algorithm, the
optimal solution can always be found. *erefore, an RRT
path optimization method based on ant colony algorithm is
proposed. It obtains the global optimal solution through
continuous iterative optimization of the path obtained by the
basic RRT. In addition, this paper also carries out experi-
mental simulation with MATLAB to verify the effectiveness,
feasibility, and superiority of the integrated ant colony
optimization RRT algorithm proposed in this paper.
*erefore, when the path needs to be planned in advance
before the UAV takes off, the RRT optimization method
based on ant colony algorithm can be totally used.
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(a) (b) (c) (d) (e)

Figure 9: Effect of different pheromone volatility coefficients on the path of ant colony optimization RRT algorithm (ρ is pheromone
volatilization coefficient). (a) ρ � 0.1. (b) ρ � 0.3. (c) ρ � 0.5. (d) ρ � 0.7. (e) ρ � 0.9.

Table 4: Influence of different pheromone volatility coefficients on
algorithm results.

ρ 0.9 0.7 0.5 0.3 0.1
Shortest distance 873.18 831.61 871.42 848.41 889.62

Table 5: Influence of different ant numbers on algorithm results.

m 10 30 50 70 90
Shortest distance 842.49 863.48 838.05 826.82 887.71

Table 6: Influence of different Ant_MaxDis on algorithm results.

Ant_MaxDis 50 100 150 200 250
Shortest
distance 921.5314 887.5676 852.1783 857.5742 885.0413

Table 7: Influence of different ant_feelsize on algorithm results.

ant_feelsize 1 2 3
Shortest distance 882.7289 862.2385 866.8158

4 5 6 7 8
865.555 869.928 872.2428 867.1066 870.2232
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