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An improved method is proposed in this investigation to solve the problems of poor path quality and low navigation efficiency of
the Informed-RRT∗ algorithm in robot autonomous navigation. First, the greedy algorithm is introduced in the path planning
procedure. When a new node is obtained, it will be judged whether it can directly reach the target point. Second, the search scope
of the potential optimal parent node becomes the constructed path, instead of the node tree, which reduces the number of nodes to
be searched and improves the navigation efficiency. Combined with the dynamic window approach (DWA), the improved
algorithm is utilized to simulate the autonomous navigation process of the robot based on the Robot Operating System (ROS)
platform.)e simulation results show that compared with the original algorithm, the length of the global path is reduced by 5.15%,
and the time of planning path and autonomous navigation is shortened by 78.34% and 21.67%, respectively.

1. Introduction

Significant achievements in related research on mobile robot
technology have been made in recent years, and it is now
widely used in a wide range of real-world applications such
as firefighting and rescue, medical services, catering services,
environmental disinfection, and microfluidics devices [1].
)e need for mobile robot autonomous navigation is
gradually growing in the market. Path planning has been a
hot topic among researchers as one of the fundamental
technologies in robot autonomous navigation[2, 3]. How-
ever, the current state of autonomous robot navigation has
poor path quality and navigation efficiency[4, 5].

)ere are mainly two types of path planning algorithms
in autonomous navigation: global and local path planning
algorithms. Global path planning is responsible for de-
signing a path from the starting point to the finishing point,
and local path planning is responsible for dynamic obstacle
avoidance as the robot advances. Traditional global path
planning algorithms include the ant colony algorithm [6–8],
Dijkstra algorithm [9, 10], A∗ algorithm [11, 12], and
rapidly exploring random tree (RRT) algorithm[13].

However, the abovementioned algorithm has different
drawbacks. For example, the ant colony algorithm has the
disadvantage of high computational complexity; the path
planned by the Dijkstra algorithm has the problem of local
optimization; the A∗ algorithm has the problem of low path
planning efficiency in a large environment; and due to an
enormous number of nodes, the RRT algorithm gets a
nonoptimal path. To solve the path nonoptimal problem of
the RRT algorithm, Karaman et al. [14] proposed the
RRT∗algorithm, which performs partial pruning and
rerouting of new nodes during the planning process to make
the path approach produce an the optimal solution.
However, there is still a problem of low path planning
efficiency. Gammell et al. [15] proposed the Informed-RRT∗
algorithm, which improves the path planning efficiency by
optimizing the sampling space [16, 17]. )e local path
planning algorithm is adopted forthe artificial potential field
[18], the path planned by this algorithm is relatively smooth,
but it still has a problem of local optimization; the dynamic
window approach (DWA)[19, 20] based on robot dynamics
relies on the speed that the robot can reach in a period to
form a window-like local path planning. As a nonlinear
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system, path planning solves optimization problems within
the constraints provided by uncertain variables. External
irregular control signals can be added to stimulate the
hidden efficiency of path planning [21].

In the global path planning algorithm, the Informed-
RRT∗ algorithm does not need constructing an explicit
sampling space and vastly reduces the search time. However,
this algorithm still has the disadvantages of poor path and
low path optimization efficiency. )erefore, an improved
Informed-RRT∗ path planning algorithm is proposed in this
research. First, the greedy algorithm is introduced in the
path planning process. When a new sampling point that can
be added to the node tree is found, it is judged whether the
node can be directly connected to the target point. Planning
the path is stopped and optimization of the path is begun
once the condition is established; otherwise, sampling
continues. Second, the search object for the potential op-
timal parent node is replaced by the constructed node tree
with the path to reduce the consumed time when searching
for the possible optimal parent node in the path optimi-
zation process. After simulation on the ROS platform, it is
found that the improved algorithm can improve navigation
efficiency.

2. Informed-RRT∗ Algorithm

)e Informed-RRT∗ algorithm is a path planning algorithm
based on random sampling. Based on the RRTalgorithm, the
algorithm optimizes parent node reselection and prunes and
reroutes planes in the process of generating the first path.
)e sampling space is then limited to an elliptical area, and
as the length of the path decreases, the elliptical area is
gradually reduced.

2.1. RRT Algorithm. As shown in Figure 1(a), the RRT al-
gorithm randomly samples to obtain the Xrand node in the
space and finds the Xnearest node closest to the Xrand node
on the path tree and can be connected to it without obstacles.
As shown in Figure 1(b), the RRT algorithm takes the
Xnearest node as the parent node of the Xrand node,
connecting the Xnearest node and the Xrand node, and adds
the node Xrand to the node tree (it becomes the node Xnew).
As shown in Figures1(c) and 1(d), until the endpoint Xgoal
appears in the unit circle area centered on the Xnew node
and connects the Xnew node and the Xgoal node, the plane
can be obtained inversely according to the relationship
between the child node and the parent node.

2.2. Reselecting Parent Node and Pruning and Rewiring.
As shown in Figure 2(a), the new node Xnew is obtained
according to the sampling point Xrand and the nearest node
Xnearest node in the node tree by using this node as the
parent node. As shown in Figure 2(b), when the Xnew node
is added to the node tree, we draw a small circle with the
node Xnew as the center and consider whether there is a
better parent Xmin node in the circle to make the distance
between the Xrand point and the Xnew node shorter. If there
are more suitable parent nodes, they are connected and the

original connection is removed. As shown in Figures 2(c)
and 2(d), after completing the reselection of the parent node,
it is judged whether there is a certain kind of node in the
circle. )e cost of the node passing through the Xnew node
to the initial node is smaller than the cost of the original path
from the node to the initial node. If this type of node exists,
the Xnew node is taken as the parent node, and the node is
disconnected from the original parent node.

2.3. Optimization of Sampling Space. As shown in Figure 3,
the Informed-RRT∗ algorithm optimizes the sampling space
accordingly. Xstart represents the starting point, Xgoal
represents the endpoint, Cmin represents the distance be-
tween two nodes, and Cbest represents the length of the path
obtained by the first iteration of the Informed-RRT∗ algo-
rithm. When the first path is obtained, the length of the path
Cbest is calculated. As shown in equations (1) and (2), Cbest
is the distance 2∗a between the two vertices of the ellipse, and
Cmin is the distance 2∗c between the two focal points of the
ellipse. )e Informed-RRT∗ algorithm can obtain an ellipse
sampling space according to the two parameters, Cbest and
Cmin. As the path of the Informed-RRT∗ algorithm is
continuously optimized, Cbest is constantly shortened, the
sampling space is continually reduced, and the convergence
speed is continually accelerated.

x
2

a
2 +

y
2

b
2 � 1, (1)

a
2

− c
2

� b
2
· (2)

2.4. Informed-RRT∗ Algorithm. )e pseudocode of the In-
formed-RRT∗ algorithm is shown in Figure 4. M represents
the experimental map, T represents the node tree, V rep-
resents the node of the node tree, E represents the con-
nection between the nodes in the node tree, Ls represents the
list of vertices near the Xnew node, and StepSize represents
the sampling step size. Sampling was performed on the map
to obtain the sampling node Xrand (line 3). )e Xnearest
node closest to the Xrand node in the node tree (lines 4-5) is
found. If the distance between the Xrand node and the
Xnearest node is less than StepSize, the Xrand node becomes
the Xnew node. If the distance between Xrand and Xnearest
is greater than StepSize, a new Xnew node is obtained by
intercepting a distance equal to StepSize along the direction
of Xnear to Xrand according to the step size StepSize. A
circle is drawn with Xnew as the center and StepSize as the
radius, the potential optimal parent node is searched for in
the node tree within the circle, and it is saved in Ls (line 6).
)e node Xmin is found in the Ls, and the minimum cost
from Xinit to Xmin to Xnew (line 7) is guaranteed. )e
relationship between the Xnew node and Xmin is added to
the node tree, the relationship between the Xnew node and
the original parent node is disconnected, and then, rewiring
is performed according to Ls (lines 9-10). )is procedure
first checks each node of Ls for node x; if the cost from Xinit
to Xnew then to x is less than the original cost from Xinit to x
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and Xnew can be connected to x, then x is disconnected from
the original parent node and Xnew is connected as the
parent node of x to the tree, and a new node tree T is
published. Detecting whether the target point is reached
(line 11), if the target point is detected, the planning of the
first path is completed, and the length of the path Cbest
could be obtained (line 13–14). We return to the next round
of sampling iteration, but the sampling area becomes an
elliptical area adapted to the two parameters, Cbest and
Cmin.

3. Optimization of Informed-RRT∗ Algorithm

)e Informed-RRT∗ algorithm judges whether it should be
connected to the target point by the threshold of the distance
from the current node to the target point, then ends the path
planning procedure, and enters the path optimization
procedure. In the current environment, new sampling points
can directly be connected to the target point even though the
distance from the target point is greater than the threshold.
In the case of this situation, the Informed-RRT∗ path
planning algorithm will continue sampling and will not
enter the path optimization procedure until the sampling
node is less than the threshold. In contrast, the greedy al-
gorithm directly connects the new sampling point with the
target point, then ends the path planning, and enters the
path optimization process. In addition, in the path opti-
mization process of the Informed-RRT∗ algorithm, the
search object when searching for the potential optimal
parent node is the entire node tree, which consumes con-
siderable time during the search process, which seriously
affects the efficiency of path planning.

Xinit
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Xrand

(a)

Xinit
Xmin Xnew

(b)
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Xmin Xnew

(c)
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Xnew
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Figure 2: )e informed-RRT∗ algorithm reselects the parent node and rewiring schematic diagram. (a) Extended random tree.
(b) Reselecting parent node. (c) Replanning. (d) Replanned.
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Figure 1: RRT algorithm schematic diagram.

Xstart Xgoal
Cmin

Cbest

Figure 3: Schematic diagram of the Informed-RRT∗ sampling
area.

V = {Xinit}, E = Ø,T = (V,E), StepSize = 0.05, Cmin
= dis(Nstart,Ngoal), Cbest = 0,goal = false ;

1

2 for I 0 to N do
3 Xrand Sample() ;
4 Xnearest NearestVertices(Xrand,T) ;

5 Xnew Steer(Xnearest, Xrand,, StepSize) ;

6 Ls NearVertices(Xnew,T,StepSize) ;
7

8

Xmin ChooseBestParent(Xnew,Ls) ;

9
if X min = Ø then

10

T InserVertex(Xnew,Xmin,T) ;

11

12

13

14

15

T RewireVertices(Xnew,T,Ls) ;
goal Checkgoal(Xnew,Nodegoal)

if goal
Cbest dis(Nstart,Ngoal,T) ;
return Cbest ;

return path path(Nstart,Ngoal,T) ;

Figure 4: Informed-RRT∗ algorithm pseudocode.
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3.1. Introduction of the Greedy Algorithm. )e greedy al-
gorithm is a simpler and faster design technique for optimal
solution problems. )e algorithm is often based on the
current situation to make an optimal choice according to a
procedure optimization purpose, without considering all
possible overall conditions, so it saves considerable time in
preparing to find the optimal solution.

As shown in Figure 5 (line 12 of Figure 6), the goal node
represents the target point, the New_node node represents
the newly obtained sampling point, Dalte is the search radius
of the node searching for obstacles, and Dis is the distance
from the sampling point to the target point. As shown in
Figure 5(a), once the distance Dis between the New_node
and the target point is less than that of Dalte, the original
algorithm is judged to find the target point. After planning
the first path, the algorithm stops to enter the path opti-
mization process. As shown in Figure 5(b), the improved
Informed-RRT∗ algorithm introduced with the greedy al-
gorithm determines whether the target point is found
depending on whether the New_node can be directly con-
nected to the target point.

3.2.Optimization of SearchObjects. In the path optimization
process of the Informed-RRT∗ algorithm, the search object
for the potential optimal parent node is the node tree formed
in the path planning process. )e number of possible op-
timal parent nodes is only few, and the detection process
requires detecting all nodes, with a problem of inefficient
path planning caused by detecting redundant nodes. )is
paper considers replacing the search object for searching for
potential optimal parent nodes from the node tree to the
path.

As shown in Figure 6 (lines 19–27), we define the planned
path to be optimized as a path and sample the point in the
space as Xrand (line 19). If it is detected that the Xrand point
is on the block, the node is discarded, and the iteration ends. If
the Xrand point is not on the obstacle, we search for the
Xnearest node closest to the Xrand node in the path list (line
20). After finding Xnearest, it is recorded as path(c), the
distance fromXrand to the path(c) node is calculated, and it is
recorded as delta. If the delta is greater than the step size, the
length of SizeStep along the direction from path(c) to Xrand is
cut, and one new point is selected, which is denoted as Xnew.
If the delta is less than SizeStep, the Xrand node is the node
Xnew to be updated (line 21). After obtaining the Xnew node,
it is checked whether path(c) is at the head or tail of the path
list. If it is at the head or tail of the path list, Xmin is empty; if
not, Xmin is not empty (line 22). As shown in Figure 7, if
Xmin is not empty and the length path(b)-Xnew-path(d) is
less than the length path(b)-path(c)-path(d), the path(c) node
in path is replaced with the Xnew node and rewired to obtain
the new path.)en, Cbest is recalculated to reduce further the
sampling space (lines 24 to 25).

4. Dynamic Window Approach (DWA)

When the robot moves along the path planned by the global
path planning algorithm, the local path planning algorithm

is needed to perform the dynamic obstacle avoidance
function. )e method used in this paper to the plane local
path is the dynamic window approach (DWA).)e dynamic
window method is a local path planning algorithm based on
robot dynamics. )e algorithm relies on the speed that the
robot can reach in a period to form a dynamic window for
local path planning. )e dynamic window method searches
for the linear velocity v and angular velocity w that the robot
can reach under the constraint conditions in the dynamic
window at all times. Each group’s velocities and angular
velocities (v, w) are simulated to produce the robot’s tra-
jectory within a certain period, evaluate, and select the best
trajectory.

4.1. Dynamic Window Approach Kinematics Model. First, it
is assumed that the linear velocity v and angular velocity w of
the robot in the dynamic window can be independently
controlled. Because the dynamic window approach uses
instantaneous speed, the robot’s trajectory at two adjacent
moments in the moving process can be regarded as a straight
line. )erefore, the posture state of the robot in the working
environment at adjacent moments can be expressed by the
following equation:

Δx � v∗Δt∗ cos φt( ,

Δy � v∗Δt∗ sin φt( .
 (3)

From equation (3), the pose change of the robot can be
obtained in the time of

x � x + v∗Δt∗ cos φt( ,

y � y + v∗Δt∗ sin φt( ,

φt � φt + wΔt.

⎧⎪⎪⎨

⎪⎪⎩
(4)

4.2. Dynamic Window Speed Sampling. During the move-
ment of the robot, the DWA calculates the speed at which
the robot reaches the target point in the two-dimensional
space of(v, w). However, the speed of the robot is restricted
by the corresponding constraint:

(i) )e restriction of the maximum and minimum
speed of the mobile robot itself

(ii) )e motor performance restricts the moving speed
of the mobile robot

(iii) Environmental factors limit the robot’s moving
speed

)e speed sampling space is shown in equation (5). Vs
represents the speed space obtained by the mobile robot
under its maximum and minimum speed constraints, Vd
represents the speed space obtained by the mobile robot
under the motor performance constraints, and Va represents
the speed space obtained under the constraints of factors
from the environment the robot moves.

Vr � Vs ∩Vd ∩Va· (5)
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4.3. Dynamic Window Approach Trajectory Evaluation
Function. By sampling the speed, the DWA algorithm can
obtain several sets of speeds for obstacle avoidance.

)erefore, a corresponding evaluation function is needed to
evaluate the obtained path trajectory, and the optimal
motion trajectory is selected to guide the robot to avoid
obstacles dynamically. )e trajectory evaluation function is
expressed by the following equation:

G � σ(α · h( ) + β · d( ) + c · v( ))· (6)

As shown in Figure 8, the h() in equation (5) is used to
evaluate the angle difference between the robot and the
target pose after reaching the position at the current speed.
)e score is judged based on the angle value of θ. A higher
score is obtained when the value is larger, to ensure that the
mobile robot moves in the target direction. d() represents the
distance from the nearest obstacle on the current trajectory
of the mobile robot. If there is no obstacle on the current
trajectory, d () is set as a constant. v() keeps the robot moving
at a reasonable speed. α, β, and c represent the weight
coefficients. Finally, the evaluation function is obtained after
the data are normalized, and the appropriate movement
speed is selected to make the robot move.

5. Simulation Experiment

To verify the effectiveness of the improved algorithm, the
investigation uses the ROS software platform to carry out the
robot autonomous navigation simulation experiment. )e
experimental simulation area is a rectangular area of
17m ∗ 13.5m, the starting point is set as (2m, 2m), and the
endpoint is set as (15m, 6m). )e boxes in the figure
represent obstacles in the environment. )e experimental
results are compared in three aspects: the length of the
planned path, the time of planning the path with the two
Informed-RRT∗ algorithms before and after the

New_node

Dalte

Dis

Goal

(a)

New_node

Dalte

Goal

Dis

(b)

Figure 5: Schematic diagram of the different search targets. (a) )e original algorithm search target; (b) the improved algorithm search
target.

0
V = {Xinit} ,E = Ø,T = (V,E),Cmin =dis(Nstart,Ngoal),
Cbest = 0,goal = false,StepSize=0.05 ;

2 If ~goal

3 for I 0 to N do
4 Xrand Sample() ;
5 Xnearest NearestVertices(Xrand,T) ;

6

7
8

9

Xmin ChooseBestParent(Xnew,Ls,T) ;

10

11

12

13
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22

23

24

25
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27

28

if Xmin = Ø then
T InserVertex(Xnew,Xmin,T) ;

T RewireVertices(Xnew,T) ;

if goal

Cbest dis(Nstart,Ngoal,T) ;

return Cbest ;

return path path(Nstart,Ngoal,T) ;

If goal

for I 0 to N do
Xrand Sample(Cmin,Cbest) ;
Xnearest NearestVertices(Xrand,path) ;

Xnew Steer(Xnearest,Xrand,StepSize) ;

Xmin ChooseBestParent(Xnew,path) ;

if Xmin = Ø then
path InserVertex(Xnew,Xmin,path) ;

path RewireVertices(Xnew,path) ;

Cbest dis(Nstart,Ngoal,path) ;
return Cbest ;

return path ;

1 While()

goal CheckGotogoal(Xnew,Nodegoal)

Xnew Steer(Xnearest,Xrand,StepSize) ;

Ls NearVertices(Xnew,T,StepSize) ;

Figure 6: Improved Informed-RRT∗ algorithm pseudocode.

Xstar Xgoal

Xnew

Path (b) Path (c)

Path (d)

Figure 7: Schematic diagram of the optimized path by improved
Informed-RRT∗.
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Figure 8: h() evaluation.
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Figure 9: Autonomous navigation maps based on the two Informed-RRT∗ algorithms before and after the improvement.
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improvement, and the time consumed by the simulation
robot autonomous navigation based on the two path
planning algorithms and DWA before and after the im-
provement. )e time of planning a path represents the time
from receiving a command to the start of movement of the
simulated robot; the time of autonomous navigation of the
robot represents the time taken by the simulated robot from
receiving a command to the moment at the endpoint.

Figure 9 shows the robot’s autonomous navigation re-
sults in the grid map based on the two Informed-RRT∗ path
planning algorithms before and after the improvement.
Figures 9(a) and 9(b) show the schematic diagram of the
robot autonomous navigation experiment based on the
Informed-RRT∗ algorithm and DWA, and Figures 9(c) and
9(d) show the schematic diagram of the Improved In-
formed-RRT∗ algorithm and DWA root autonomous nav-
igation.)e solid line in the figure represents the global path
planned by the two Informed-RRT∗ algorithms before and
after the improvement, and the dashed line represents the
actual trajectory of the robot in the experimental environ-
ment under the action of the global path and the DWA local
path planning algorithm.

Table 1 shows the length of the path planned by the two
path planning algorithms in the experimental environment
before and after the improvement. Experiments 1, 2, 3, 4,
and 5 in the table represent autonomous navigation

experiments based on the two Informed-RRT∗ algorithms
before and after the improvement. In the five experiments,
the length of the global path planned by the Informed-RRT∗
algorithm is 15.9120m, 14.5151m, 15.1106m, 15.9320m,
and 17.1973m, and the average length is 15.7334m; the
improved Informed-RRT∗ algorithm plans the length of the
global path as 14.4086m, 15.0866m, 15.5101m, 15.2948m,
and 14.3080m, and the average length is 14.9216m. Ex-
perimental results show that the length of the path planned
by the improved Informed-RRT∗ algorithm is 5.15% shorter
than that of the path planned by the original algorithm.

Table 2 shows the time consumed by the two path
planning algorithms in five autonomous navigation exper-
iments before and after the improvement. In the five ex-
periments, the Informed-RRT∗ algorithm planned the global
path consumption time, and the average consumption time
was 12.19 s; the improved Informed-RRT∗ algorithm plan-
ned the overall time consumed by the path, and the average
consumption time was 2.64 s. )e experimental results show
that the time consumed by the improved Informed-RRT∗
algorithm for path planning is reduced by 78.34% compared
with the original algorithm.

Table 3 shows the time consumed by the simulated robot
based on the two path planning algorithms and DWA before
and after the improvement in five autonomous navigation
experiments. In the five experiments, the simulation robots

Table 1: Experimental results of path length planning in raster maps using the improved Informed-RRT∗ algorithm.

Informed-RRT∗ algorithm Improved Informed-RRT∗ algorithm
Path length/m Average length (m) Path length/m Average length (m)

1 15.9120

15.7334

14.4086

14.9216
2 14.5151 15.0866
3 15.1106 15.5101
4 15.9320 15.2948
5 17.1973 14.3080

Table 2: Experimental results of the time consumption of path planning in raster maps with and without the improved-RRT∗ algorithm.

Informed-RRT∗ algorithm Improved Informed-RRT∗ algorithm
Path planning time (s) Average time (s) Path planning time (s) Average time (s)

1 11.39

12.19

2.88

2.64
2 10.41 2.50
3 13.44 2.91
4 10.81 2.45
5 14.91 2.46

Table 3: )e experimental results of the autonomous navigation time of the robot in the raster map with and without the improved
Informed-RRT∗ algorithm.

Autonomous navigation based on Informed-RRT∗ algorithm and
DWA

Autonomous navigation based on improved Informed-RRT∗
algorithm and DWA

Autonomous navigation time (s) Average navigation time (s) Autonomous navigation time (s) Average navigation time (s)
1 51.04

52.59

40.53

41.19
2 50.16 41.98
3 53.01 42.53
4 52.11 40.29
5 56.66 40.63
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based on the Informed-RRT∗ algorithm and DWA took
51.04 s, 50.16 s, 53.01 s, 52.11 s, and 56.66 s to complete the
autonomous navigation, respectively, and the average
consumption time was 52.59 s; based on the improved In-
formed-RRT∗ algorithm, the time consumed by the
RRT∗algorithm and the DWA simulation robot to complete
autonomous navigation is 40.53 s, 41.98 s, 42.53 s, 40.29 s,
and 40.63 s, and the average time consumed is 41.19 s. )e
experimental results show that the simulation robot based
on the improved Informed-RRT∗ algorithm and the DWA
algorithm consumes 21.67% less time to complete autono-
mous navigation than the simulation robot based on the
original algorithm and DWA.

6. Conclusions

In this paper, the problems existing in the application of the
Informed-RRT∗ path planning algorithm in the process of
robot autonomous navigation are optimized from two as-
pects: path planning and path optimization. )e simulation
robot autonomous navigation experiment on the ROS
platform shows that the improved Informed-RRT∗ algo-
rithm is better than the original algorithm in both the length
of the planned path and the time of the planned path, and the
improved algorithm can effectively improve the efficiency of
the robot’s autonomous navigation. As a nonlinear system,
the search mode with fixed parameters will inevitably fall
into a local optimum and may stop and wander at nontarget
points. )erefore, the path planning method has a large
space for improvement.
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