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Robot Navigation in Cluttered 3-D Environments
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Dongqing Shi, Member, IEEE, Emmanuel G. Collins, Jr., Senior Member, IEEE,
and Damion Dunlap, Student Member, IEEE

Abstract—Autonomous navigation systems for mobile robots
have been successfully deployed for a wide range of planar
ground-based tasks. However, very few counterparts of previous
planar navigation systems were developed for 3-D motion, which
is needed for both unmanned aerial and underwater vehicles.
A novel fuzzy behavioral scheme for navigating an unmanned
helicopter in cluttered 3-D spaces is developed. The 3-D navigation
problem is decomposed into several identical 2-D navigation sub-
problems, each of which is solved by using preference-based fuzzy
behaviors. Due to the shortcomings of vector summation during
the fusion of the 2-D subproblems, instead of directly outputting
steering subdirections by their own defuzzification processes,
the intermediate preferences of the subproblems are fused to
create a 3-D solution region, representing degrees of preference
for the robot movement. A new defuzzification algorithm that
steers the robot by finding the centroid of a 3-D convex region
of maximum volume in the 3-D solution region is developed. A
fuzzy speed-control system is also developed to ensure efficient
and safe navigation. Substantial simulations have been carried
out to demonstrate that the proposed algorithm can smoothly and
effectively guide an unmanned helicopter through unknown and
cluttered urban and forest environments.

Index Terms—3-D defuzzification, 3-D navigation, autonomous
navigation, behavioral system, preference-based fuzzy.

I. INTRODUCTION

SAFE maneuvering in complex environments is a major
challenge for unmanned aerial vehicles (UAVs). Future

urban reconnaissance and search missions will require UAVs
to autonomously navigate through cluttered urban spaces. This
navigation problem is a multiobjective control problem that
seeks to ensure that the robot not only reaches its goal without
colliding with obstacles but also does so at fast speeds that
ensure stealth and concealment. The problem is particularly
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difficult because of high vehicle speeds, which require a fast
response from the controller.

Most of the research conducted thus far in autonomous
navigation systems has been restricted to planar ground-based
settings for use with wheeled mobile robots, e.g., [1]–[4].
Only a few algorithms developed for 2-D navigation have
been extended to 3-D navigation. Some of these algorithms
are Bug-type 3-D navigation schemes [5], [6]. A scheme
for 3-D path planning was developed in [5] by combining a
2-D Bug algorithm with a 3-D surface-exploration algorithm.
This planner requires learning the shapes of unknown objects
based on visual sensors. Instead of exploring the entire obstacle
surface, a new and reduced data structure was used in [6]. A
globally shortest path in simple scenarios is ensured. Both Bug
algorithms have shortcomings. In particular, they assume that
the environments are populated by polyhedral obstacles and do
not consider the robot’s size.

A behavioral robotic system for 3-D navigation was intro-
duced in [7], which is essentially an extension of a schema-
based reactive navigation system for planar robots. Each
schema, a behavior that is instantiated based on the robot’s
needs and the environmental conditions, generates a vector
reflecting the reaction of the robot to its perceived world.
The desired steering velocity is obtained by summation of the
schema vectors. In order to deal with incompatible behaviors
in some situations, the relative contribution of each schema is
determined by a gain factor. The difficulty in choosing suitable
schema gains for different scenarios is a limitation of this
method. Additional disadvantages are that this method assumes
that obstacles have a spherelike shape and that the scenarios are
relatively simple.

The algorithm proposed in this paper presents a novel naviga-
tion scheme that decomposes the 3-D navigation problem into
several 2-D navigation problems. Each 2-D navigation system
uses a preference-based fuzzy behavioral controller that has a
general and cooperative fusion mechanism instead of using a
weighted sum of the schema outputs. A new 3-D defuzzification
method is developed to find the desired flying orientation. The
algorithm is used to navigate an unmanned helicopter in virtual
urban and forest environments in which the obstacles are very
densely spaced buildings or trees of various sizes. The overall
navigation scheme also includes a fuzzy speed-control system
to make the basic-steering navigation system more efficient.

One of the primary reasons for using fuzzy logic for this
problem is the fact that fuzzy logic provides a well-grounded
approach to comparison and fusion of the preferences, which

1083-4419/$25.00 © 2007 IEEE



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

SHI et al.: ROBOT NAVIGATION IN CLUTTERED 3-D ENVIRONMENTS 1487

Fig. 1. Preference-based behavioral control system for the heading control
system.

are defuzzified to select a final yaw and pitch angle by combin-
ing the series of 2-D problems. Fuzzy logic is also a convenient
mechanism for implementing the driving rules that are readily
expressed linguistically and applied in 2-D subproblems. In
addition, fuzzy control is well known to be tolerant of imprecise
sensor readings and, hence, leads to robust vehicle navigation.

This paper is organized as follows. Section II is a quick
review of the development and design of 2-D preference-
based fuzzy behavioral navigation systems. Section III presents
the proposed 3-D fuzzy behavioral navigation algorithm.
Section IV shows simulation results. Finally, Sections V
and VI, respectively, give an analysis of the proposed method
and concluding remarks.

II. TWO-DIMENSIONAL PREFERENCE-BASED FUZZY

BEHAVIORAL NAVIGATION SYSTEM

A primary feature of behavioral control is the ability to
respond quickly even in unknown environments. Moreover,
fuzzy behavioral methods, which use fuzzy-logic controllers,
have an inherent ability to handle uncertainty in the robot infor-
mation [8]–[10]. Fuzzy behavioral methods can be classified in
terms of the type of behavioral outputs as standard fuzzy behav-
ioral systems [8], [11] and preference-based fuzzy behavioral
systems [10], [12]–[15]. Standard fuzzy behavioral systems use
behaviors that output a single command, while, in contrast,
preference-based fuzzy behavioral systems use behaviors that
output their preferences to various command options. The
first of the preference-based behavioral systems were voting
architectures like the DAMN architecture [13], [15]. The fuzzy
extension of the DAMN architecture was presented in [14].
Independently, a similar system using desirability functions
and preference logic was proposed in [12] and developed
further in [10], which established a general framework for
preference-based systems. A successful application of [10]
and [12] for navigating in very cluttered environments was pre-
sented in [16]. The algorithm of [16] was used to successfully
navigate a Pioneer 2 robot through very cluttered environments
as detailed in [17].

The following is a brief review of how to design such a 2-D
preference-based fuzzy behavioral controller. Fig. 1 shows the
structure for the heading-control activity.

The labels in this figure are the five control-command alter-
natives: Large Right Turn (LRT), Slight Right Turn (SRT), No

Fig. 2. Typical set of fuzzy-command preferences for defuzzification.

Turn (NT), Slight Left Turn (SLT), and Large Left Turn (LLT).
Each behavior i assigns a preference αi,j to each command
alternative j according to some fuzzy rules. The resultant pref-
erence αj of each alternative is the minimum of the preferences
cast from all the behaviors to the alternative, i.e.,

αj = min αi,j (1)

where i ∈ {1, 2, . . . , 4}, and j ∈ {1, 2, . . . , 5}. αj is the mea-
sure of the importance of each command alternative j. The
final heading command is defuzzified using the centroid of the
largest area method, as illustrated in Fig. 2. The design details
can be found in [17] and [18].

III. THREE-DIMENSIONAL FUZZY BEHAVIORAL

NAVIGATION SYSTEM

Aerial and underwater applications for behavioral control re-
quire reformulation of the existing fuzzy behavioral techniques
that have been successfully used for ground-based navigation.

A. Possible Method for 3-D Navigation

Inspired by the idea of the existing 2-D fuzzy behavioral
techniques, perhaps the easiest way to accomplish 3-D naviga-
tion is to clone the basic idea directly. Hence, assume that each
behavior i casts its preference α(i,j) for each of the available
command alternatives j. Then, the general fuzzy rule for each
behavior is

IF(Stimuli have particular values )

THEN
(
Command 1 scores α(1,j)

)

AND
(
Command 2 scores α(2,j)

)

. . . , . . .AND(Command n scores α(n,j)). (2)

Now, consider a forward obstacle-avoidance behavior. Assume
that there exists a 3-D range finder which can detect a range,
as shown in Fig. 3. By equivalently separating the whole range
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Fig. 3. Possible division for the forward perception region.

into nine small regions, as shown in Fig. 3, the fuzzy rules for
this behavior can be written as

IF(D1 AND D2, . . . , AND D9)

THEN
(
Command 1 scores α(1,j)

)

AND
(
Command 2 scores α(2,j)

)

. . . , . . .AND (Command n scores α(n,j)) (3)

where Di(i ∈ {1, 2, . . . , 9}) represent the sensor readings in-
dicating the distance from the robot to the nearest obstacle in
the corresponding region. If the distance is fuzzified using the
classifications short, medium, and long, there are 39(= 19 683)
total rules. Compared with the same behavior in the equivalent
2-D system which has only 33(= 27) rules, there is a huge
increase in the computational cost. This makes it necessary to
consider this problem from another perspective.

B. Description of the Proposed Algorithm

Instead of applying the behavioral idea directly as in the
previous section, an indirect approach that views the 3-D
navigation problem as several 2-D navigation subproblems at
different pitch angles is considered. The proposed approach is
detailed below.
1) Two-Dimensional Decomposition of the 3-D Navigation

Problem: In this paper, the overall pitch angle range of the
sensor is assumed to be from −52.5◦ to 52.5◦ and the yaw
angle range is chosen from −90◦ to 90◦. The 3-D navigation
problem is decomposed into several 2-D subproblems. Each
2-D subproblem will be solved by a regular fuzzy behavioral
controller, as stated in Section II. Each subcontroller, however,
will be required to deal with sensor data within a pitch range
Θ = {θ◦ + ∆θ : −∆θ̄ ≤ ∆θ ≤ ∆θ̄}, instead of at a particular
pitch angle, for example θ◦.

In this paper, Θ is chosen so that if the passable pitch range
is obstacle free for the minimum safe distance ds, then the
gap shown in Fig. 4 represents a passable space. Hence, Θ is
given by

Θ = 2arctan
Hh

2ds
(4)

Fig. 4. Passable pitch range defined by Θ.

Fig. 5. (a) Nonoverlapping pitch-range regions. (b) Overlapping pitch-range
regions. Region 3 in (b) reveals a passable region not revealed in (a) at that
moment.

where Hh is the height of helicopter. By choosing ds =
6.5 m and Hh = 1.8 m, Θ ≈ 15◦. Hence, Θ = 15◦ will be
subsequently assumed. It follows that seven navigation sub-
problems (52.5◦ × 2/15◦ = 7) are needed to exactly span the
overall pitch angle range, θ◦ is one of the angles in the set
{0◦,±15◦,±30◦,±45◦}, and ∆θ̄ is 7.5◦.

Increasing Θ will increase the safety margins for naviga-
tion between tight passageways. However, increasing Θ also
increases the probability that passable regions for the robot
will be effectively hidden from the robot. Conversely, by over-
lapping the passable pitch ranges, as shown in Fig. 5, where
the black circle represents the robot and the black rectangles
are obstacles, additional passable regions can be revealed.
However, the computational cost will increase as well due
to the corresponding increase in the number of subproblems,
since this cost is approximately proportional to the number of
subproblems. From this discussion, it should be clear that the
proposed method trades off decreased computational cost for
the increased possibility that passable regions will be obscured.

As shown in Fig. 6, the seven subproblems are labeled
as Sub_prob1, Sub_prob2, Sub_prob3, . . . , Sub_prob7. Each
subproblem considers only a 2-D problem in which the goal is
the projection of the actual goal onto the plane, defined by the
corresponding pitch angle θ◦; hence, each subproblem neglects
a component of the goal and is solved by a 2-D subcontroller.

Fig. 7 shows the sensor configuration, i.e., the cones for each
2-D controller, labeled C1, C2, . . . , C9. The minimum sensor
readings in each cone are crisp inputs to the fuzzy controller.
The angle of each of the sensor cones in Fig. 7 is decided
by considering the helicopter width and the minimum safe
distance, exactly analogous to the calculation of Θ in (4). The
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Fig. 6. Seven decompositions of the 3-D navigation problem.

Fig. 7. Two-Dimensional sensor configuration of the fuzzy behavioral
controller.

Fig. 8. Sensor spectrums (the di are the scalar readings at the pitch angles
shown for sensor region C3). (a) Original sensor data spectrum at each pitch
angle. (b) Compressed sensor data spectrum for a sub-problem.

overlapping of the cones was used in Fig. 7 to increase the
ability to find passable regions in the plane of motion. As stated
above, the difference in the use of the 2-D controller, here, is
that the input to the 2-D controller is computed from sensor
data within the small pitch range Θ.

To extract the data to feed as inputs to the 2-D controller,
assume that the pitch resolution is 5◦, as shown in Fig. 8(a).
Hence, there are four sets of sensor readings within Θ (at
θo − 7.5◦, θo − 2.5◦, θo + 2.5◦, and θo + 7.5◦). Then, as shown
in Fig. 8(b), for each yaw range considered, the reading for
Θ is the minimum of the four readings in Fig. 8(a). These
compressed data are the inputs to the 2-D controller. In practice,
the above idea may be implemented by a normal 2-D range

Fig. 9. Possible sensor setup for obstacle avoidance.

Fig. 10. Vector summation problem. Black region for blocked space; v1 and
v2 are subdirections from 2-D controllers.

finder that can rotate to reach different pitch angles, as shown
in Fig. 9. However, to increase the sweep speed in the pitch
direction, it would be best to use a laser range finder that has
the inherent ability to sweep in a 3-D region of space.

As detailed in Section II, the outputs of the 2-D sub-
controllers are the degrees of preference to the five control-
command alternatives: LRT, SRT, NT, SLT, and LLT. The
preferences for subcontroller k(k ∈ {1, 2, . . . , 7}) are given by
the preference vector α(k) ∈ R5.

In order to compensate for the goal vertical dimension
neglected in each subproblem because of the projection as
stated above, a goal-pitch-orientation (GPO) behavior is used
in conjunction with the seven subcontrollers. Based on the
location of the goal, this behavior gives preferences for the
pitch angles corresponding to the angles in the set θ◦ based on
the nearness of the pitch angle to the pitch angle that points
to the goal; more specifically, it provides weights γk for the
preference vectors α(k) associated with the subcontrollers for
the corresponding 2-D planes. Hence, the general fuzzy rule of
the goal-orientation behavior is

IF(GPO has particular value)

THEN(Command 1 scores γ1)

AND(Command 2 scores γ2)

. . . , . . .AND(Command 7 scores γ7). (5)

The resultant preferences for each subcontroller are then modi-
fied according to

α(k) ← γkα(k). (6)

In the following, it is assumed that the preference vectors α(k)

have been modified according to (6).
2) Fusion of the 2-D Subproblems: Another key task is to

fuse the outputs of the seven subsystems to obtain the final
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Fig. 11. General framework of the 3-D fuzzy behavioral navigation system.

command. One approach is to use the preference vectors α(k)

from each subcontroller along with defuzzification to obtain
a desired command for each subcontroller. Vector summation
can then be used to add each of these command outputs to
obtain the final steering direction. However, this approach
encounters problems in some cases [19]. In particular, detailed
information, such as the local obstacle distribution is lost in
this process. To illustrate, assume that, as shown in Fig. 10, the
subcontroller at pitch angle one asks for the direction corre-
sponding to v1, and the subcontroller at pitch angle two asks
for the direction corresponding to v2. As a result, the summed
direction is somewhere close to the region denoted as the
white circle, which is not an acceptable navigation direction for
the robot.

In the proposed algorithm, the command fusion problem is
solved by preventing the seven subsystems from performing
their own final defuzzification process to output their own
steering directions. Instead, their intermediate preferences α(k)

to the fuzzy command alternatives (LRT, SRT, NT, SLT, and
LLT) are combined to form a 3-D solution region representing
degrees of preference for the UAV movement. The final steering
orientation is defuzzified from this 3-D solution region. This
process is called 3-D defuzzification. The proposed 3-D de-
fuzzification fuses all the information together to find a globally
suitable direction at a moment on the UAV flight. In the context
of the example of Fig. 10, this process enables the robot to
choose either the direction corresponding to v1 or the direction
corresponding to v2. The choice depends on the size of each
free-space area.

Fig. 11 presents a diagram illustrating the complete frame-
work of the 3-D navigation system, including the 3-D de-
fuzzification process. Fig. 12 provides an example of a 3-D
solution region, which uses one horizontal dimension for the
yaw angle, one horizontal dimension for the pitch angle, and
the vertical dimension for the degree of preference. Note that
each of the seven blocks of yaw angle rows is formed using
one of the preference vectors α(k). A suitable threshold is set
to exclude the subregions that have relatively low degrees of
preference from the overall 3-D solution region. A threshold of
0.2 is chosen in this paper. In the 3-D solution region, each bar
with degree of preference higher than the threshold is called a
high-preference bar (indicating free space), and all connected
high-preference bars comprise a candidate (two candidates are
shown in Fig. 12).

Fig. 12. Visualization of a 3-D solution region.

Fig. 13. Examples of three types of defuzzification conditions.

3) Novel 3-D Defuzzification Algorithm: One possibility for
3-D defuzzification is to find the centroid of the candidate of
the largest volume. If this method is chosen, as illustrated in
Fig. 13, there are three general classifications of locations of
the centroid’s projection C ′ in the pitch–yaw plane relative
to the contour of a candidate in the pitch–yaw plane: a) the
projection is inside the contour, and it is far away from the
contour boundary; b) the projection is inside the contour but
very close to the contour boundary; and c) the projection is
outside of the contour (note that the contour is the projection
of the preference space in the pitch–yaw plane of Fig. 12, not
the contour of the 3-D scenario space). The latter two classifi-
cations indicate that 3-D defuzzification, using the centroid of a
candidate, may lead to an undesirable solution. In practice, this
occurs when the contour of the candidate is highly concave.
The above deficiencies motivate the development of a novel
3-D defuzzification algorithm that ensures that the defuzzified
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TABLE I
FUZZY-CONTROL ALTERNATIVE PREFERENCES

CORRESPONDING TO FIG. 12

TABLE II
TWO CANDIDATES CORRESPONDING TO FIG. 12 AND TABLE I

output lies well within the contour of a candidate. The key to
the proposed algorithm is to consider all the candidates and find
the centroid of a 3-D convex region of maximum volume. Here,
3-D convex region actually refers to a 3-D region of a convex
contour.

The following is the detailed 3-D defuzzification
algorithm.

Step 1) Apply the threshold to exclude subregions with
relatively low degrees of preference.

Step 2) Find all the candidate subregions by using the
connected components labeling algorithm [20]. To
illustrate, Table I shows the outputs (i.e., the pref-
erences to the fuzzy-control alternatives) from all
the 2-D subproblems corresponding to Fig. 12. The
labeling algorithm highlights the two candidates,
labeled 1 and 2, respectively, as shown in Table II.

Step 3) Find the 3-D convex region of maximum volume
for each candidate by applying a novel maximum
convex-finding algorithm. The details of this sub-
algorithm are presented in Appendix I (note that
this particular algorithm is different from the gen-
eral convex-decomposition algorithms [21], [22],
which split a concave figure into pieces of con-
vex components and each convex component is not

overlapped; besides, general convex-decomposition
algorithms cannot guarantee finding a convex region
of maximum area). Since the preference is the height
dimension of the volume, and the area under each
preference is constant, the algorithm of Appendix I
picks the convex region with maximum summation
of the preferences. For the case shown in Table I,
the summation of preferences in the region labeled 1
is bigger than that of the region labeled 2. Hence,
the final orientation will be defuzzified from this
subregion.

Step 4) Choose the maximum convex region determined
above and determine the final flying orientation
change at that instant by taking the yaw and pitch
coordinates corresponding to the centroid of the
maximum convex region, which can be calculated
using

∆θ =
∑

Viθi

V
(7)

∆ϕ =
∑

Viϕi

V
(8)

where ∆θ is the pitch angle change, ∆ϕ is the yaw
angle change, Vi is the volume of the ith high-
preference bar in the maximum convex part, V is
the volume of the maximum convex part, θi is the
average pitch angle for the ith high-preference bar,
and ϕi is the average yaw angle for the ith high-
preference bar. Note that this process ensures that
the final flying orientation lies well within the con-
tour of the corresponding candidate.

4) Computational Complexity: For each subcontroller, the
forward obstacle-avoidance behavior has 33(= 27) rules.
The total number of rules for this behavior is 7× 33(= 189).
This is less than the total number of rules (33×7 ≈ 1010) for
the forward obstacle-avoidance behavior of the 3-D navigation
method in Section III-A with the same sensor configuration and
identical fuzzy sets (for an equal comparison, both methods
are assumed having seven different pitch ranges; hence, the
method in Section III-A has 3× 7 sensor inputs for the forward
obstacle-avoidance behavior).

In the proposed algorithm, for each subcontroller, the
left-wall-tracking behavior, right-wall-tracking behavior, and
forward obstacle-avoidance behavior each has 27 rules. The
horizontal goal-seeking behavior has five rules (the detailed
rule settings can be found in [17]). The total number of
rules for each subcontroller is 86. Including the five rules
for the GPO behavior, the total number of rules for the pro-
posed scheme is 7× 86 + 5(= 607). The onboard-fuzzy con-
troller [23] designed at the Sugeno Laboratory can store 1500
fuzzy-control rules. The inference speed is 1 ms in the case of
60 rules. Hence, the processing time of all the rules is 607÷
60(= 10.1) m/s, which is acceptable even for a very high-speed
helicopter. Currently, a high-speed fuzzy processor [24] can
infer 1000 rules within 1 m/s. Hence, real-time computation
will not be a problem.
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Fig. 14. Fuzzy sets for CS.

Fig. 15. Fuzzy sets for SD.

C. Fuzzy Speed Controller

A speed controller is necessary for efficient and safe
navigation. In missions such as urban reconnaissance and
search, better stealth and concealment may be provided as
well. Such a speed controller is developed using fuzzy logic.
The speed controller determines whether the speed should be
increased or decreased. A maximum speed of 20 m/s and a
minimum speed of 1 m/s are assumed in the development of
this controller.

Normally, human-piloted aircraft slow down when they ap-
proach an obstacle and speed up when they are moving away
from an obstacle. Similarly, the speed change ∆v is determined
by the robot’s current speed (CS) and the shortest distance (SD)
of the robot to the nearest forward obstacle. The intermediate
outputs of the fuzzy system are degrees (µ1, µ2, . . ., and
µ5) to five corresponding commands: Decrease Significantly,
Decrease, No Change, Increase, and Increase Significantly. The
general form of the fuzzy rule is

IF(CS AND SD)

THEN(µ1 AND µ2 AND µ3 AND µ4 AND µ5). (9)

The detailed fuzzy rules are presented in Appendix II. The
fuzzy speed controller indirectly calculates the safe distance
for a complete stop. Based on CS and SD from the obstacles,
the fuzzy controller outputs suitable accelerations. Fuzzy rules
are based on a given maximum acceleration. When the robot
is approaching the obstacle at very high speed, the speed
controller automatically sets a much stricter level for the safe
distance from the obstacle. The fuzzy sets of all the normal-
ized variables are illustrated in Figs. 14–17; online tuning is
accomplished by adjusting the ranges corresponding to the
normalized universe of discourse [0, 1]. The labels in Fig. 16 are
as follows: Not Acceptable, Favored, and Highly Favored. The
speed command ∆v is obtained from the preferences to the five
commands by the same defuzzification method used in

Fig. 16. Fuzzy sets for µ1, µ2, µ3, µ4, and µ5.

Fig. 17. Fuzzy sets for ∆v.

Fig. 18. Solution surface for the fuzzy speed controller.

Section II. Fig. 18 illustrates how the speed controller works
as follows. The output command is largely positive when CS =
slow and SD = long; the output is largely negative when CS =
fast and SD = short. Hence, the robot will slow down when
approaching an obstacle at high speed and increase its speed
when departing from the obstacle.

IV. SIMULATIONS

The proposed method was tested on a virtual unmanned
helicopter in 3-D virtual environments, built using the Virtual
Reality Modeling Language and simulated in the MATLAB
Virtual Reality Toolbox. The sensor in the simulation is based
on the SICK laser. The helicopter is approximately 4.9 m×
4.0 m× 1.8 m. Simulation results are based on the algorithm
with seven decompositions unless otherwise stated. The sample
traveling routes below were plotted based on the positions of
the center of mass of the helicopter. For each experimental
scenario, the robot was required to reach a goal from a start
point, both of which were specified in Cartesian coordinates.
The units involved in the simulations are meters. In all but one
scenario, the start point and the goal are at different altitudes,
which requires the robot to vary its vertical position. The



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

SHI et al.: ROBOT NAVIGATION IN CLUTTERED 3-D ENVIRONMENTS 1493

Fig. 19. Experimental results for scenario 1.

Fig. 20. Altitude trace for scenario 1.

first figure for each scenario shows the corresponding 3-D
path while the second figure is 2-D and shows the altitude
change along the path. In the following, the simulation results
are detailed. First, results corresponding to relatively simple
benchmark test scenarios (scenarios 1–5 of Figs. 19–28) are
described. Next, a much more complex urban landscape, as
illustrated in Figs. 29 and 30, is considered. Numerous simu-
lations were performed in this environment, all with success,
and two of them are used as illustrations (scenarios 6 and 7 of
Figs. 31–34). Finally, a fairly complex forestlike environment
is considered. Again, several simulations were performed in
this environment, all with success, and two of them are used
as illustrations (scenarios 8 and 9 of Figs. 35–38).

Scenario 1 (Figs. 19 and 20) has three very tall and parallel
buildings directly in front of the helicopter, which starts on the
ground. A target at an altitude of 50 ft is set just behind the

Fig. 21. Experimental results for scenario 2.

Fig. 22. Altitude trace for scenario 2.

buildings. In this case, the robot found that the gap between
the buildings was too narrow to pass. Hence, the robot took
a path around the buildings. Scenario 2 (Figs. 21 and 22) has
all the settings of scenario 1, except that a slightly increased
gap between the two buildings on the left in Fig. 21. The
robot agilely passed through the gap and reached the target.
Scenario 3 (Figs. 23 and 24) represents the same obstacle
configuration of scenario 1, except with a reversal of the po-
sitions of the start point and the target. Moreover, the robot was
moving away from the target at the start of motion, as shown
in Fig. 23.

Another interesting experiment is climbing. As shown in
Figs. 25 and 26, the robot started from the bottom of a tall build-
ing, ascended the building in a spiral-like path, and reached the
target which was 30 ft above the top of the building. The reason
that the robot did not simply rise vertically is because the sensor
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Fig. 23. Experimental results for scenario 3.

Fig. 24. Altitude trace for scenario 3.

setting, as mentioned in Section III-B1, was limited to the pitch
angular range of [−52.5◦,+52.5◦].

Scenario 5 (Figs. 27 and 28) shows how the algorithm
behaves when the robot must circumvent a floating sphere,
representative of a floating object such as a blimp. In the
case shown, the goal is located directly behind the sphere,
and both the start point and goal location are along the same
sphere axis. As illustrated in Figs. 27 and 28, the helicopter
traversed a smooth path from the start point to the goal. Table III
illustrates the initial motion preferences for scenario 5. The
table is symmetrical and clearly shows that, to reach the goal,
the robot prefers to avoid the sphere in right/left direction.
The actual path chosen, in this case, was due to an intentional
bias to right turns incorporated into the fuzzy rules. In such a
symmetrical scenario, the helicopter has an infinite number of
equal-length paths to reach the goal. However, the algorithm
chooses a horizontal path.

Fig. 25. Experimental results for scenario 4.

Fig. 26. Altitude trace for scenario 4.

The urban landscape, as illustrated in Figs. 29 and 30,
used in the simulations of Figs. 29–34 (scenarios 6 and 7), is
approximately 500 m × 375 m. The heights of the buildings
vary from about 9 to 90 m. The gaps between two neighboring
buildings vary from about 5 to 10 m.

Scenarios 6 and 7 (Figs. 31–34) show more complex sit-
uations that illustrate a variety of abilities (passing through
small gaps, ascending/descending, tracking walls, etc.) needed
to navigate through a densely cluttered urban space. For ex-
ample, in both scenarios, the wall-tracking behavior guides
the robot to move along the wall when the robot must pass
by a tall building. In these scenarios and many others, the
robot equipped with the proposed navigation system efficiently
and safely reached the targets despite the complexity of the
environment and the variation of the start positions and the end
positions.
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Fig. 27. Experimental results for scenario 5.

Fig. 28. Altitude trace for scenario 5.

Fig. 29. Top view of the virtual urban environment.

Fig. 30. Snapshot within the virtual urban environment.

To investigate the choice of the number of subsystems on the
navigation, the simulation results of the algorithm with seven
decompositions are compared to those of the algorithm with 13

Fig. 31. Experimental results for scenario 6.

Fig. 32. Altitude trace for scenario 6.

overlapped decompositions of the same pitch range. Note that,
after increasing the number of decompositions, the overlapped
pitch-angle range between neighbors are half of the minimum
passable pitch range Θ. In scenario 5, the path length with
seven decompositions is 459.3 m, and the path length with 13
decompositions is 458.3 m, and the relative difference is 0.22%.
In scenario 6, the path length with seven decompositions is
476.7 m, and the path length with 13 decompositions is 481.6
m, and the relative difference is 1.02%.

Scenarios 8 and 9 (Figs. 35–38) illustrate the ability to
maneuver in forest-like environments, which have much more
irregularly shaped objects than the above urban landscape.
The trees are represented as combinations of spheres and
cylinders. Hence, unlike buildings, the cross-sectional areas of
trees change with height. Again, the results are shown for the
algorithm with 7 and 13 decompositions. In scenario 8, the path
length for the algorithm with seven decompositions is 66.5 m,
and the path length for the algorithm with 13 decompositions
is 65.2 m, and the relative difference is 1.99%. In scenario 9,
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Fig. 33. Experimental results for scenario 7.

Fig. 34. Altitude trace for scenario 7.

the path length for the algorithm with seven decompositions
is 60.8 m, and the path length for the algorithm with 13
decompositions is also 60.8 m, although Figs. 37 and 38 reveal
that the paths are actually different.

V. ANALYSIS OF THE PROPOSED APPROACH

The proposed algorithm solves a 3-D navigation problem
by 2-D decompositions. The number of 2-D subproblems is
determined by the overall pitch range of the sensor and the
minimum passable pitch range Θ for the robot. Because the
2-D plane corresponding to each pitch angle (see Figs. 5
and 6) is divided into overlapping yaw-angle regions by the cor-
responding subcontroller (see Fig. 7), the result is essentially a
division of the region into spherical cones and sectors, as shown
in the 3-D preference diagram of Fig. 12. The key contribution
of the proposed approach is that this spherical decomposition
is performed in a way that leads to a control scheme with a

Fig. 35. Experimental results for scenario 8.

Fig. 36. Altitude trace for scenario 8.

relatively low computational cost. If we directly decompose
the region into spherical regions according to the approach in
Section III-A, the resulting control logic is computationally
prohibitive, as discussed in detail in Section III-B4.

As previously mentioned in Section III-B1, the ability to
find passable regions can be increased by overlapping the pitch
ranges considered by the 2-D controllers. This option comes
with greater computational expense.

The simulation results of Figs. 31–34 and Figs. 35–38 show
that the algorithm with seven 2-D decompositions is able to
ensure a collision-free path even in very cluttered environments.
The algorithm with 13 decompositions chooses shorter paths
and, hence, is more efficient in that respect. However, this
choice approximately doubles the computational cost of the
algorithm. It should be noted that the navigation paths using
both choices of decompositions are very close when most of the
obstacles are vertical protrusions of planar shapes, e.g., build-
ings. However, they show larger differences when the obstacles
are more complex, e.g., trees. This is to be expected since the
sensor approximation made to use the 2-D decompositions will
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Fig. 37. Experimental results for scenario 9.

Fig. 38. Altitude trace for scenario 9.

be more sensitive to objects whose shape changes substantially
with vertical dimension. However, despite these differences, the
simulation tests also show that using fewer decompositions can
lead to effective autonomous navigation.

Finally, it should be observed that the algorithm presented
here does not take into account the vehicle dynamics. These
dynamics will provide additional limits on the acceptable vehi-
cle motions. For example, a sharp turn may not be executable
when the vehicle is moving at a certain speed. The algorithm
can be modified to take into account these types of limitations
by using the vehicle’s current velocity to eliminate certain can-
didate regions in the 3-D defuzzification procedure described in
Section III-B3.

VI. CONCLUSION

A new fuzzy behavioral navigation system for UAVs or
unmanned underwater vehicles in unknown cluttered 3-D

TABLE III
MOTION PREFERENCES AT THE INITIAL MOMENT

Fig. 39. Single-column blocks.

Fig. 40. Multicolumn blocks.

Fig. 41. Candidate convex blocks.

environments has been proposed. The main contributions are
as follows.

1) A novel framework for 3-D navigation problem was
developed. The 3-D navigation problem has been solved
by decomposing it into several identical 2-D navigation
subproblems. Each subproblem uses a particular sensor-
data-extraction model to handle the navigation problem
in a small pitch range.

2) A new 3-D defuzzification algorithm is developed. After
fusing the intermediate outputs of the 2-D navigation con-
trollers, this defuzzification algorithm intelligently finds a
desirable and safe flying orientation for the robot.
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Fig. 42. Maximum convex block.

TABLE IV
FUZZY RULES FOR THE SPEED CONTROLLER

3) A fuzzy-logic-based speed controller is developed to
enable the robot to efficiently travel through a cluttered
space.

The proposed behavioral control algorithm is low cost, both
in computation and construction. Substantial simulations have
been carried out to demonstrate that an unmanned helicopter
is able to reach its goal for a wide variety of obstacle
configurations.

APPENDIX I
MAXIMUM CONVEX-FINDING ALGORITHM

As stated in Section III-B3, step 2) of the 3-D defuzzification
algorithm ends up with the labeled outputs shown in Table II.
The maximum convex-finding algorithm uses a divide-and-
combine strategy described in subalgorithm 1 to search all
possible convex parts. Divide () generated all the connected
blocks with only one column as shown in Fig. 39. Combine ()
smartly identifies which single-column blocks can be com-
bined to multicolumn blocks as large as possible, as shown
in Fig. 40. As a result, the multicolumn blocks and some
left single-column blocks are selected as the candidate convex
blocks shown in Fig. 41. Furthermore, the convex block with
maximum volume is obtained, as shown in Fig. 42.

Subalgorithm 1 divided-and-combined strategy
Input. N labeled candidates.
Output. All convex parts of candidates.
1. single-column blocks = Divide (labeled candidates).
2. multicolumn blocks = Combine (single-column blocks).

APPENDIX II
FUZZY RULES FOR THE SPEED CONTROLLER

The detailed fuzzy rules for the speed controller is presented
in Table IV.
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