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Interactive Learning Environment for Bio-Inspired
Optimization Algorithms for UAV Path Planning

Haibin Duan, Senior Member, IEEE, Pei Li, Yuhui Shi, Senior Member, IEEE, Xiangyin Zhang, and Changhao Sun

Abstract—This paper describes the development of BOLE, a
MATLAB-based interactive learning environment, that facilitates
the process of learning bio-inspired optimization algorithms, and
that is dedicated exclusively to unmanned aerial vehicle path plan-
ning. As a complement to conventional teaching methods, BOLE
is designed to help students consolidate the concepts taught in the
course and motivate them to explore relevant issues of bio-inspired
optimization algorithms through interactive and collaborative
learning processes. BOLE differs from other similar tools in that
it places greater emphasis on fundamental concepts than on com-
plex mathematical equations. The learning tasks using BOLE can
be classified into four steps: introduction, recognition, practice,
and collaboration, according to task complexity. It complements
traditional classroom teaching, enhancing learning efficiency and
facilitating the assessment of student achievement, as verified by
its practical application in an undergraduate course “Bio-Inspired
Computing.” Both objective and subjective measures were evalu-
ated to assess the learning effectiveness.
Index Terms—Ant colony optimization, artificial bee colony, bio-

inspired optimization, particle swarm optimization, path planning,
unmanned aerial vehicles (UAVs).

I. INTRODUCTION

B Y simulating the underlying mechanisms of self-or-
ganized behaviors in nature, bio-inspired optimization

algorithms have proved to be promising techniques for highly
complicated optimization problems [1], [2]. They differ greatly
from conventional mathematical methods in that they are devel-
oped and implemented by mimicking biological behaviors in
nature. Bio-inspired optimization algorithms have drawn great
attention from researchers all over the world, as evidenced by
the increasing number of conferences, workshops and papers in
this field [1]–[3]. Rigorous theoretical analyses have not been
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Fig. 1. UAV mission-planning system. BOLE consists of the components in-
side the dashed box.

conducted for most of the existing bio-inspired optimization
algorithms—such as ant colony optimization (ACO), particle
swarm optimization (PSO) and artificial bee colony optimiza-
tion (ABC)—but the superior performance of these algorithms
in terms of intrinsic parallelism, self-organization and strong
robustness demonstrate broad prospects for future development
[4]–[10]. It is thus important for students to have an overall
understanding of bio-inspired optimization algorithms, but their
complicated principles and equations often make them difficult
for students to understand in traditional classroom settings [11].
Practical implementation activities are thought to play a

very important role in learning courses in information science,
having a significant effect on learning outcomes and learning
efficiency. It has also been shown that abstract results can make
a greater effect when illustrated by a graphic presentation rather
than by classical mathematical equations [11], [12]. To this
end, a bio-inspired optimization learning environment, BOLE,
was developed and is described in this paper. This interactive
educational tool for unmanned aerial vehicle (UAV) path
planning, based on MATLAB graphical user interface (GUI),
complements traditional teaching methods. BOLE focuses on
solving UAV path-planning problems with three well-known
bio-inspired optimization algorithms: ACO, PSO, and ABC.
It differs from other tools in that it places greater emphasis on
fundamental concepts than on complex mathematical equa-
tions.
To motivate active participation, BOLE focuses exclusively

on UAV-related matters, far more interesting for new learners
than are benchmark functions. More importantly, bio-inspired
optimization algorithms are appropriate for many optimization
problems in UAV systems, as explained in detail in the fol-
lowing. Research on UAVs has received considerable attention
for its attractive potential to perform complicated tasks in
remote and hazardous environments [13]–[16]. Path planning, a
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Fig. 2. Architecture of BOLE.

crucial component of the UAV mission-planning system, takes
many factors into consideration to find an optimal or near-op-
timal flight path that connects the launch site and the target
site [13]–[19]. Existing approaches for path-planning problems
can be classified into three categories: graph-based algorithms,
often used in 2-D situations; heuristic search algorithms, of
which the most representative is the search algorithm;
and evolutionary computation algorithms, efficient and robust
alternatives that accommodate complicated constraints in path
planning. Advantages of choosing bio-inspired optimization
algorithms to solve path-planning problems include their
strong robustness compared to directed-search approaches,
their simplicity of implementation when dealing with complex
constraints, their strong adaptability for different scenarios, and
their high capability to achieve optimal solutions.

II. MODELING OF PATH PLANNING FOR UAVS

This section describes the architecture of BOLE to provide
an overview of this interactive environment. UAV path plan-
ning is formulated as a mathematical optimization problem that
considers fuel consumption, safety elements and physical con-
straints to evaluate a candidate route.

A. Architecture of BOLE
The general UAVmission-planning system is shown in Fig. 1.
The architecture of BOLE—the components inside the

dashed box in Fig. 1—mainly consists of several modules:
modeling for path planning, bio-inspired optimization algo-
rithms, the path planner, the formation controller and the user
interface; see Fig. 2.
An effective way to enhance learning is for students to

use BOLE to perform path planning for high usability and
feasibility. They can easily observe path optimization by imple-
menting the necessary parameters, without having to consider
the complicated underlying details.

B. Formulating Path-Planning Problems
Path planning for UAVs can be mathematically described as:

given the launching site and the target site , and threat
sets , the objective is to find a set of waypoints

with and

[11]–[16]. Each candidate path for optimization can be consid-
ered as one individual of the population, and each individual
consists of the coordinates of its included path nodes. In this
way, path nodes are mapped onto the search space of bio-in-
spired optimization algorithms. Suppose that there are path
nodes (excluding the start point and the end point ) in a
specified path. Each individual is denoted by a vector with
elements to represent the spatial information of the path. The
position of a path node is composed of three components: the ,
, coordinates. As a result, the position vector of an individual
can be expressed as

where is the th dimension of the th individual's position
( ; ). The first component of
( , for ) represents the abscissa values of the
path nodes of the th path. Similarly, the second ( , for

) and the third component ( , for
) are the ordinate values and the

corresponding flight height of the path nodes, respectively. The
solution space of this problem in the 3-D scenario is defined as
a cuboid. To speed up the search process, the abscissa values of
the population are initialized in the rotating coordinate frame.

C. Objective Function
Accurate modeling of the mission area is closely related to

the construction of an objective function for path optimization
problems [19]. To obtain a qualified path that minimizes fuel
consumption and the probability of exposure to threats, the ob-
jective function should be composed of at least two components:
the path-length cost and the threat cost. Physical constraints
such as the turning angle, the climbing/diving angle, and the
flight height are incorporated into the objective function for a
specific mission to improve performance. The cost function for
a given path can be expressed by

(1)
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Fig. 3. Results of path planning for UAVs using PSO.

where is the weight coefficient, which is determined by the
task type [14]. The path length cost is defined as the
sum of the absolute value of each segment from the start point
to the target point. The threat cost is proportional to
the sum length of path segments exposed to the threat circles.
In order to increase the survival probability, sharp turns and
climbs/dives should be avoided to fall within the physical lim-
itations of UAVs. The turn angle cost and climb/dive
angle cost are measured by the differences between the
current turning and climbing/diving angle and predetermined
maximum turning and climbing/diving angle. The UAV should
fly at a low altitude so as to take advantage of the terrainmasking
effect, but this may increase the risk of crashing. The appropriate
altitude thus represents a compromise, the cost of which can be
calculated by .

III. INTERACTIVE LEARNING PROCESSES
This section first details BOLE's configuration procedures

and then explains how bio-inspired optimization algorithms are
learned through interaction with BOLE. In addition, BOLE's
customizable architecture makes it suitable for collaborative ac-
tivities.

A. Configuration of BOLE
The path-planning interface, Fig. 3, has five main elements:

algorithm selection, environment configuration, optimization
parameters, the mission area map, and output demonstration.1
Users can customize the model by setting environmental param-
eters, and then choose the algorithm to solve the optimization
problem from the algorithm selection panel. Once this choice
is made the parameter panel will appear, providing students
with an intuitive understanding of the algorithm's structure.
When all the parameters have been implemented, path planning
can be carried out to generate a feasible and optimal path, see
Fig. 3. In this environment, tunable parameters include both
environmental and algorithm parameters. At the beginning of
the learning process, the modification of parameters mainly
focuses on algorithm parameters, with students being advised
to change only one parameter at a time to avoid confusion.

1A copy of this tool is at http://hbduan.buaa.edu.cn/

In the Route Replan section, the predefined path is repre-
sented by a dashed line. Users can easily decide where to start
the replanning by dragging the slider on the status bar when new
threats appear. The path flown by the UAV is marked out with a
thick line; the UAV's current position is taken as the start point
coordinate for replanning. Clicking the “Execute” option trig-
gers the planning of another efficient path; this newly generated
path is shown as a thick black line connecting the replan start
point with the target.

B. Interactive Learning
Optimization algorithms' performance is highly dependent on

the selection of parameters. A comprehensive understanding of
the search process helps a user to develop strategies of param-
eter settings that enhance an algorithm's efficiency and robust-
ness. In turn, a good understanding of the parameters provides
intuitive insight into how optimization works. In this environ-
ment, three bio-inspired optimization algorithms, PSO, ACO,
ABC, are applied to path planning. In PSO, for example, the
role of the inertia weight is considered critical for the conver-
gence behavior. Determining the influence of the previous his-
tory of velocities on the newly calculated velocity, the param-
eter regulates the tradeoff between the global (wide-ranging)
and local (nearby) exploration abilities of the whole population.
The effect of the inertia weight can be observed by comparing
the evolution of the curves of the generated path for different .
Fine-tuning of the acceleration coefficients, and may result
in faster convergence and alleviation of local minima, although
they are not critical for the convergence of PSO.
As the tuning parameters are modified, results are shown for

each parameter setting, with the newly generated paths being
shown on the mission area map; comparing these paths allows
students to draw conclusions about parameter selection rules.
The best path and the curve evolution for all the particles are also
shown in real time, clearly illustrating the convergence char-
acteristics of these algorithms. Additionally, best solutions for
each iteration, based on path length, threat cost and total cost
[corresponding to the cost in the fitness function in (1)] are also
displayed dynamically.
Users can also investigate the stochastic nature of this sort of

algorithm by comparing on the terrain map the results of per-
forming the path planning several times, under the same con-
dition and parameters. This makes it possible for students to
concentrate on parameter selection, which deepens their under-
standing of the algorithms. At any time during the evolutionary
optimization process an interface screenshot can be saved in
JPG format for future analysis, and the generated path coor-
dinates and cost function values can also be saved as “.txt”
(or other) files. The feedback provided by these results enables
better learning of bio-inspired optimization algorithms and their
parameter selection.

C. BOLE as a Natural Support for Collaborative Learning
BOLE was originally designed as an interesting way to intro-

duce students to bio-inspired optimization algorithms and re-
lated material. During the teaching process it was discovered
that BOLE provides a natural support for collaborative activi-
ties because of its customizable architecture, consisting of op-
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TABLE I
STUDENT LEARNING ACHIEVED THROUGH BOLE

timization algorithms, environment implementation and visual-
ization elements. Each of these three components can work in-
dependently to create a flexible and versatile framework, which
means there is a clear separation of these three parts [20]. This
feature means BOLE can be used for team-based competitions
in which students can interact with the system while collabo-
rating with each other.
An example of this would be for students to modify BOLE

by adding innovative features, such as improvements to the
optimization algorithms, novel modeling methods or more
appealing interfaces. They can also extend the path planning to
a more realistic and complicated case, such as coordinated path
planning for multiple UAVs. They are welcome to add other
popular algorithms, analogous to the three existing ones, to
the algorithm library for various applications. Students should
review how other groups have made additions and evaluate
and comment on their work. This effort may have additional
benefits, such as increased engagement, playful learning, or
divergent thinking. This work by students will not only improve
BOLE but will also significantly enhance their teamwork skills.

IV. DESIGN ACTIVITIES AND EVALUATIONS

A. Student Learning Process
It is natural and reasonable to arrange learning objectives

from easy to more complex ones, and by learning stage. The
learning tasks can thus be classified into four steps: introduc-
tion, recognition, practice, and collaboration (listed by task
complexity, see Table I). In the introductory stage, students
interact with BOLE, without prior knowledge of the topic area
and without a set target. The goal is to show students the broad
picture and familiarize them with BOLE's components.
In the recognition stage, conceptual frameworks and theo-

retical descriptions of bio-inspired optimization algorithms are
first explained in the classroom. Having been familiarized with
these through mathematical explanations and simple numerical
examples, students work with BOLE to understand the algo-
rithms without having to consider complex equations. In the
first experimental session, the instructor presents BOLE using
an overhead projector, starting with a detailed introduction to its
functions and structure and endingwith an experimental demon-
stration. Students are asked to adjust the modeling parameters
and the algorithms so as to encourage active participation. In this

stage, they are required to recognize the functions of BOLE's
various modules and to learn to configure BOLE to carry out a
UAV path-planning mission.
In the practice stage, students are free to study the relevant

subject-matter content according to their own interests, tastes,
and talents, with or without the help of BOLE. They are ex-
pected to know the latest advances in this field as reported in
recent research papers, and to be able to respond to several
open questions by discussing its practical improvements and im-
plementations. They are encouraged to explore, under instruc-
tion, how parameters affect the population dynamics. For ex-
ample, the will examine how convergence curves of cost func-
tions demonstrate the effectiveness of the algorithms. The pri-
mary goal of this stage is to endow students with the ability to
analyze the optimization principle and make them aware of how
to improve the performance of the algorithm.
The next step has students experiment on their own laptops,

divided into several groups for a team competition. Each team
collaborates to solve any problems they might have and to
implement improvements wherever necessary. Any efforts they
might make to incorporate other techniques into BOLE are
much appreciated. The evaluation criteria for the competition
cover two aspects: performance and completeness. Perfor-
mance is examined by checking the objective value of the
generated path for the same settings. Completeness is evaluated
by a comprehensive assessment by the teacher and the other
student groups. Positive feedback and constructive comments
are two further important aspects for evaluation.
After completing the three steps of literature review, param-

eter investigation and experiment, each team is expected to dis-
cuss and compare their results obtained with BOLE. They are
expected to have achieved three main learning goals, to un-
derstand: 1) how bio-inspired optimization algorithms work to
solve optimization problems; 2) parameter selection rules for
bio-inspired optimization algorithms; and 3) principles of path
planning for UAVs operating in partially known environments.

B. Evaluation
BOLEwas introduced in the 2011/2012 offering of the under-

graduate-level course “Bio-inspired Computing” (D03D0C09)
in the School of Automation Science and Electrical Engineering
of Beihang University, China. The course was first offered in
the previous academic year (2010/2011). Designed for junior
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students and lasting the entire academic year, this course is in-
tended to introduce fundamental concepts of bio-inspired op-
timization algorithms and to equip students to apply this tech-
nique to various optimization problems. Both objective and sub-
jective measures were evaluated to assess the effectiveness of
BOLE. For the objective measure, all students participating in
this study took the same ten-question test, with each question
being worth one point; see Table II.
In accordance with the evolution of student learning de-

scribed above, the test questions were designed to evaluate
the skills corresponding to the learning goals, involving fun-
damental concepts, principles, mathematical formulations,
and parameter selection rules. Questions Q1–Q2 examine
students' conceptual understanding of algorithms. Then rele-
vant items for the three existing algorithms are investigated,
from mathematical descriptions, to theoretical foundations, to
performance improvement measures (Q3–Q8). Since the two
important aspects of exploration and exploitation can be rec-
ognized in population-based algorithms, these could be unified
into the same framework, although they have totally different
operations. The students are considered to have achieved the
predefined learning objective if they are able to design a new
optimization algorithm based upon the collective behavior
of another natural species (Q9–Q10). Establishing rational
evaluation criteria is crucial to ensuring consistency in scoring
student answers in-year and between years. These scoring
criteria were established after serious discussions with other
teachers, trying to cover the essential points of the questions
while allow maximum flexibility. Although some of the ques-
tions are open-ended and seem somewhat subjective, students
need to demonstrate their grasp of the essential knowledge
to score the point. For example, students should describe the
main operation of their designed algorithm and provide the
pseudo-code and a list of the major parameters to get the credit
for Q10. Moreover, the test is scored twice by different markers
to ensure fair grading.
A statistical analysis of student test results, presented in

Table III, reveals that the mean score in the 2011/2012 course
was higher than in the previous year. However, it is difficult
as yet to draw the conclusion that BOLE is effective in im-
proving the learning ability of students. The -test statistical
method [21] was used to examine this. Choosing a value of
.05 for probability from a typical -test table yields a critical
-value of 2.06, which is less than the -test value 4.48. Then
the hypothesis that the means of the two sets of data is equal
is rejected since the difference between the means is statis-
tically significant. Evidenced by the effect size of 0.88, it is
reasonable to argue that the means are statistically different,
which indicates the utility of this tool to enhance the learning
effectiveness.
For the subjective measure, students' opinion of BOLE and

how it contributes to improving their learning process is of sig-
nificant importance for the instructor [22], [23]. An excellent
way to assess the usability of BOLE as well as learning out-
comes is to interview the students after they have completed
their practice and have been graded. A student survey was ad-
ministered covering the usability of BOLE and its effective-
ness in assisting learning, with each answer being rated on a

TABLE II
TEST QUESTIONS

TABLE III
STATISTICAL ANALYSIS OF STUDENT SCORES

TABLE IV
BOLE STUDENT SURVEY RESULTS

five-point scale of strongly disagree, disagree, neutral, agree,
strongly agree, rated 1–5. The mean survey scores are given in
Table IV.

V. CONCLUSION
This paper has described BOLE, a MATLAB-based inter-

active educational environment for UAV path planning using
bio-inspired optimization algorithms. The student evaluation
survey indicates that this environment serves as a suitable
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complement to traditional teaching methods, as well as being
a self-learning tool. It differs from other tools in that it places
more emphasis on fundamental concepts than on complex
mathematical equations. In BOLE the theoretical background
is supplemented with a user-friendly interface that motivates
students to learn about bio-inspired optimization algorithms.
With its attractive features, BOLE motivates active partici-
pation and provides students with an alternative approach to
learning bio-inspired optimization algorithms.
Future work will focus on enriching BOLE with more bio-

inspired optimization algorithms, such as the newly proposed
pigeon-inspired optimization (PIO) algorithm [24].
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