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Abstract: An autonomous robot is often in a situation to perform tasks or missions in an initially unknown environment. A logical approach to doing this
implies discovering the environment by the incremental principle deﬁned by
the applied exploration strategy. A large number of exploration strategies apply
the technique of selecting the next robot position between candidate locations
on the frontier between the unknown and the known parts of the environment
using the function that combines different criteria. The exploration strategies
based on Multi-Criteria Decision-Making (MCDM) using the standard SAW,
COPRAS and TOPSIS methods are presented in the paper. Their performances
are evaluated in terms of the analysis and comparison of the inﬂuence that each
one of them has on the efﬁciency of exploration in environments with a different
risk level of a “bad choice” in the selection of the next robot position. The simulation results show that, due to its characteristics related to the intention to minimize risk, the application of TOPSIS can provide a good exploration strategy in
environments with a high level of considered risk. No signiﬁcant difference is
found in the application of the analyzed MCDM methods in the exploration of
environments with a low level of considered risk. Also, the results conﬁrm that
MCDM-based exploration strategies achieve better results than strategies when
only one criterion is used, regardless of the characteristics of the environment.
The famous D* Lite algorithm is used for path planning.
Keywords: Exploration
COPRAS; TOPSIS

strategies;
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1 Introduction
The autonomous exploration of unknown environments is one of the most important tasks in mobile
robotics. It can be deﬁned as a set of actions taken by an autonomous mobile robot or by multiple robots
in line with a strategy in order to discover unknown features in environments. Hence, exploration is the
basis of numerous real-world applications of robotics, such as mapping [1,2], search and rescue [3],
planetary missions [4], visual inspections [5], mining [6], and so on. For instance, in mapping the
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features to be explored, there are a free space and obstacles, whereas in search and rescue missions, it can be
the areas where the victims of a disaster or ﬁres are located.
Exploration can be broadly classiﬁed into two distinct approaches [7]. The ﬁrst approach involves a prior
knowledge of the environment, based on which off-line algorithms are used to deﬁne the exploration strategy.
In this approach, the path of the robot is determined in advance (a predeﬁned path). The second approach is
applied when the environment is completely unknown or when there is insufﬁcient information to effectively
implement an off-line algorithm. In this case, exploration is much more challenging, usually implying taking
incremental steps to realize it, where in each step a robot has to choose its next location, move to it and make
a new observation of the environment at that particular location. The main problem of this exploration
concept is the choice of the next location of the robot. The strategies implemented by this approach are
often called Next-Best-View (NBV) exploration strategies. In the exploration strategies, the next location
is usually selected among a number of the candidate locations usually placed on the frontiers between the
explored free space and the unexplored parts of the environment, evaluating them according to certain
criteria [8,9]. Yamauchi [10] was the ﬁrst to propose frontier-based approach in exploration. Other
techniques may imply that the choice of the next location is made by means of a random method, a
human-directed method, and so forth. Each exploration strategy is aimed at ensuring that the environment
is explored as quickly as possible. Here, it is important to notice the difference between the terms
“exploration” and “coverage”, which are often associated with each other. In the case of coverage, the
environment map is completely known, and the aim is to generate the path that enables the robot to cover
the whole environment with some tools (a sensor, a brush, etc.). Generally speaking, the goal of
exploration and coverage can be the same—to search certain items of interest, but the exploration
problem is harder to solve, because the robot ﬁrst has to map an unknown environment.
In this paper, the frontier-based exploration strategies based on Multi-Criteria Decision-Making
(MCDM) are presented. Having in mind that MCDM methods are the state of the art methods for the
decision-making problems, the motivation of the authors is to discuss their integration with autonomous
exploration. So far, MCDM has been applied in the exploration process in order to make an optimal
choice of the next robot location. The general characteristics of the MCDM-based exploration strategies
are the following: MCDM provides a candidate selection based on the aggregation of the different criteria
(which are some-times conﬂicting) that affect the quality of a decision and enable an easy addition of
new criteria. The advantages of the MCDM-based strategies over other approaches in exploration can be
found in [7,9]. This approach to exploration, however, has not sufﬁciently been explored given the
diversity of MCDM methods and their increasing application in various scientiﬁc disciplines. The main
contributions and novelties of this paper are that it expands the MCDM base of exploration strategies
with three standard MCDM methods—SAW, COPRAS and TOPSIS (which, to the knowledge of the
authors, have not been used for this purpose so far). The main idea is to expand the comparison of
the MCDM-based exploration strategies to the approach when only one criterion is used and analyze the
inﬂuence of such different MCDM methods on the efﬁciency of exploration in environments with a high
risk of a bad choice (primarily in terms of an information gain) in the selection of the next robot position.
Bearing in mind the fact that the TOPSIS method is based on the idea that the optimal alternative should
have the smallest distance (in a geometric sense) from the ideal solution and simultaneously the largest
distance from the negative ideal (anti-ideal) solution, the assumption is that this method will have better
results than the other considered methods in this situation.
Besides, the powerful D* Lite algorithm is used to calculate the shortest path to each candidate (one of
the criteria in MCDM) in a complex environment with many obstacles and plan the robot path to the selected
candidate. In addition to the shortest path from the current robot position to the candidate calculated by the
planner, the criteria considered for selecting candidates are an information gain estimated for each candidate,
as well as its distance from the base station (or the probability of communication).
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The rest of this paper is organized as follows. Section 2 presents an overview of the related work. Section
3 deals with the detection of the frontiers, candidate selection, the D* Lite algorithm and the implemented
MCDM methods. Simulation, evaluation and discussion are given in Section 4. The conclusions are
presented in Section 5.
2 Related Work
The frontier-based approach is still one of the main directions of the research in autonomous exploration
in robotics. In [11] the exploration planner combining the local and global approaches to exploration is
presented. It is one of the methods for the detailed exploration of large unknown environments, which
simultaneously tries to take advantages and minimize the disadvantages of both the local and the global
approaches to exploration. An interesting frontier-based autonomous exploration algorithm for aerial
robots that shows some improvements which is to be used in search and rescue missions is proposed in
[12]. There, a RGB-D cameras are used to sense the environment and an OctoMap is used for expression
the obstacle, unknown and free space in the environment. Then, a algorithm for clustering is used to ﬁlter
the frontiers extracted from the OctoMap and the information-based cost function is applied in order to
choose the optimal frontier. Finally, the feasible path is given by the A* algorithm and the safe corridor
generation algorithm. In [13], a heading-informed frontier-based exploration approach is proposed and
tested. Here, an additional rotation cost is added to the utility function for the selection of frontiers, which
enables the agent to maintain its orientation during the exploration.
Frontier-based exploration can also successfully be applied to multi-robot systems. In this regard,
various unknown environment exploration techniques using autonomous multi-robot teams are proposed.
For example, in [14], the multi-robot frontier exploration uses available information about the scene in
the decision process in order to obtain a higher reward of the areas of a certain type and separate robots’
trajectories. In [15], a method for the coordination of the robot team for unknown scenario exploration
which may include moving obstacles is presented. This method is based on the separation of the map into
zones, so that each robot explores a different zone. In [16], a total of ﬁve multi-robot frontier-based
exploration strategies were applied to test how the efﬁciency of an exploration strategy depends on the
environment where it is tested in.
To evaluate the candidate r in order to select the next robot position in frontier-based exploration strategies,
different criteria are proposed in the literature. The following criteria are most commonly used [8,9]:
- LðrÞ, the minimum length of a collision free path or the minimum path cost from the current robot
position to r usually calculated by using a path planner,
- AðrÞ, the expected information gain obtained by simulating the robot’s perception from the location r; it
is calculated or estimated based on the size of the unexplored area that would be explored from that
location, given the current status of the occupancy grid map and the robot’s sensing range,
- PðrÞ, the probability that the robot, if it arrives at the location r, will be able to communicate with the
base station and send the collected data; this probability generally directly depends on the Euclidean
distance of r from the base station.
There are various approaches using one of the above-mentioned criteria or a larger number of them in the
form of the function that uniquely describes each candidate r.
In [17], LðrÞ is combined with AðrÞ in the form of the linear function (1):
uðrÞ ¼ AðrÞ  bLðrÞ
The parameter b regulates the inﬂuence of the criterion LðrÞ vs. AðrÞ.

(1)
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In [18], the presented approach describes the candidate r as the following exponential function (2):
uðrÞ ¼ AðrÞ  expðLðrÞÞ

(2)

The parameter  is greater than zero and weights both included criteria. This strategy is named after the
authors as the GBL strategy [9].
These exploration approaches are mainly used for the map building process. In this process and
especially in the case of search and rescue missions, however, it is usually important to introduce a
criterion related to the probability of establishing communication between the robot from the location r
and the base station (PðrÞ), so that the information can be forwarded as soon as possible to be further
used. The introduction of this criterion was, for the ﬁrst time, explicitly considered in paper [19] in the
form of the following function (3):
uðrÞ ¼

AðrÞPðrÞ
LðrÞ

(3)

On the other hand, different additional criteria for the selection of the next robot position are proposed in
the literature. For example, in [20], the overlap (O(r)) of the current environment map and the part of the
environment visible from r is proposed as an additional criterion. In addition to the path cost, the criteria
such as the recognition of the uncertainty of a landmark, the number of the features visible from the
location, the length of the visible free edges, and the number of the rotations and stops required from
the robot to reach a location are considered in [1]. Criteria selection depends on the mission speciﬁcs and
the exploration goals. In this context, the introduction of the criterion that (if possible) will take into
account the types of facilities for each candidate location is proposed in the paper [9] (which considers
exploration in search and rescue missions) in order to initially direct a mission to the residential area,
where the largest number of the victims of a disaster are logically expected.
Taking into account the above-mentioned, a more recent direction of research in this area includes the
implementation of different MCDM methods in MCDM-based exploration strategies. MCDM provides a
broad and ﬂexible approach to the selection of the utility function that can be used to evaluate candidates
for the next observation location. In [7,8], for example, the Choquet fuzzy integral is proposed. This
approach enables a researcher to take into account the relative relationship between criteria, such as
redundancy and synergy, which is its main characteristic. The experimental results in those papers show
that respectable results are obtained by using MCDM-based exploration strategies compared to the other
exploration strategies. In [9], the proposed approach to the selection of the next location from a set of
candidates within the exploration strategy uses a standard MCDM method—PROMETHEE II. Here, an
attempt is made to take advantage of the characteristic of this method referring to the fact that, in addition
to weights, preference functions are used as additional information for each criterion. Autonomous robot
navigation strategy based on MCDM Additive Ratio ASsessment (ARAS) method is proposed in [21].
The greedy area exploration approach is suggested, while the criteria list consists of: battery consumption
rate, probability to collide with other objects, probability to yaw from course, probability to drive through
doors, probability to gain new information, length of the minimum collision-free path. In [22], the
implementation of the on-line MCDM-based exploration strategy that exploits the inaccurate knowledge
of the environment (information obtainable from a ﬂoor plan) is proposed. The results of the experiment
show that the proposed approach has a better performance in different types of environments with respect
to the strategy without prior information. Although the use of more accurate prior information leads to a
signiﬁcant improvement in performance, the use of inaccurate prior information could lead to certain
advantages also, managing to reach the high percentages of the explored area travelling a shorter
distance, with respect to the strategy not using any prior information. In [23], behavior-based and MCDM
methods for autonomous exploration in an environment after a nuclear disaster are presented. These
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approaches are developed for the mobile robots that use gamma-based camera for discovering radioactive
hotspots. As the limitations of the gamma-based cameras (a long acquisition time, a poor angular
resolution, etc.) are the main challenges for considered autonomous exploration method (because they
degrade the duration and accuracy of the exploration), algorithms are adapted so as to overcome these
limitations. Based on the presented results, it was concluded that MCDM is a more effective approach for
the exploration and mapping of radioactive sources than the behavior-based method.
This paper generally belongs to the above-mentioned direction of autonomous exploration research,
bearing in mind the fact that this issue is not sufﬁciently considered in the existing literature. It expands
the base of the MCDM methods implemented in exploration strategies and compares them with each
other, trying to contribute to overcoming research gap in that manner.
Worthy of mention is the fact that the other important directions of the research done in the ﬁeld of
autonomous exploration in robotics include the study of different information gain prediction techniques
in selecting the next robot location regardless of the strategy, bearing in mind important role of this
criterion. In that context, [24] proposes that a neural network should be implemented in order to perform
the prediction of unexplored areas during the exploration process. Assuming that, at the beginning of the
process, certain environmental data are known in the form of topometric graphs, exploration efﬁciency
can be increased as is shown in [25]. These graphs can automatically be generated based on the existing
plans or maps of the environment or hand-drawn by the people familiar with the environment. The
approach to exploration where the selection of the next location is made based on the direct observation
of the robot and the prediction of the suitability of not-yet-visited locations by using Gaussian processes
is proposed in [26]. In [27,28] the introduction of heuristics for an additional description of the next bestview location for an autonomous agent is proposed in order to enhance the unknown environment
exploration process.
Finally, it should be noted that a path planner plays an essential role in autonomous exploration. In this
sense, graph-based algorithms are often used as reliable planners in order to calculate the minimum path cost
criterion from the robot current position to the candidate, as well as to plan the robot path to the selected
position in the exploration process. The most commonly used algorithms are A [12,16,29,30], Dijkstra
[11,31–33] and D [34], as well as RRT  [35]. As an advanced version of the graph-based algorithm and
a variation of D with a lot of practical implementations, the D Lite algorithm used in this paper is also
suitable for being implemented in exploration.
3 MCDM-Based Exploration Strategies Using SAW, TOPSIS and COPRAS
The D Lite algorithm is proposed as the path planner in this paper, given its advanced planning features
in complex and dynamic environments. Besides, the important roles in MCDM-based exploration strategies
have a built-in technique for deﬁning a set of candidates for the next robot position, as well as the applied
MCDM method.
3.1 Frontiers and Candidate Detection
The frontier determination techniques used in frontier-based exploration may be different. One of the
ﬁrst approaches is described in the papers [10,36], generally referring to the environment representation
in the form of an occupancy grid map. In this approach, if a cell belonging to the explored part of the
environment is adjacent to a cell belonging to the unexplored part of the environment, then the cell is
called a frontier edge cell. By grouping adjacent frontier edge cells, larger entities are obtained—the socalled frontier regions. Usually, a threshold is deﬁned for the frontier region in terms of the minimum
size—when that threshold is reached, it is called a frontier. If the robot moves in accordance with a
strategy from one frontier to another, then it has the ability to constantly upgrade its knowledge of the
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environment. This process is called frontier-based exploration. The frontier determination approaches based
on the above-mentioned can be found explained in more detail in the papers [7,8,37].
The main steps of frontier-based exploration are presented in Fig. 1 and can be deﬁned as follows [38]:
1. The selection of the next observation location according to an exploration strategy;
2. The reaching of the observation location selected in previous step. This step requires the planning and
following a path, that goes from the robot’s current position to the chosen location;
3. The acquisition of a partial map from the observation location, using data collected by the robot’s
sensors;
4. The integration of the partial map within the global map.

Figure 1: The main steps of the exploration process
A similar approach is applied in this paper (Fig. 2). The boundary of the robot’s ﬁeld of view deﬁned
by the range of its sensors can be divided into free, obstacle and frontier arcs. Free arcs are parts of the
border to the explored part of the environment, whereas obstacle arcs are parts of the border to locally
detected obstacles. Any arc that is neither obstacle nor free is a frontier arc and is, in fact, part of the
border to the unexplored part of the environment. The approach that each frontier arc is actually one
frontier can be adopted.
Allow us also to take that the middle point of each frontier represents one candidate for the next robot
position, which is a common approach in the papers dealing with this topic [7,8,39]. The criteria LðrÞ, AðrÞ
and PðrÞ described in Section 2 are used for candidate selection. The D Lite algorithm is used to calculate
the LðrÞ and plan the robot path to the selected candidate as well.
When the robot reaches the selected location, it observes the surroundings, improves the knowledge of
the environment and also updates the frontier list [18,37].
3.2 D* Lite Algorithm
D Lite [40] is a broadly used incremental path planning algorithm. It is a variation of the D algorithm.
The D Lite is at least as efﬁcient as D, only differing from it in the algorithmic procedure and in being
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simpler in that sense [41]. Both D and D Lite are an extension of the more famous A algorithm [42]. D
Lite works by calculating an initial path with a minimum total cost principally in a similar way as a backward
version (search is done from the goal to the start) of A. If changes in the environment are identiﬁed, then D
Lite executes the replanning process so as to test the existing path and, if needed, corrects it or generates a
new one with the maximum possible exploitation of the calculation result from previous iterations. That is, if
a graph change is detected, D Lite does not reset the calculation process (i.e., it does not return the search to
the beginning as it is the case in A), which makes D Lite remarkably more efﬁcient than the basic A
planner [43].

Figure 2: Free, frontier and obstacle arcs in exploration
During the path search, D Lite initializes and updates the value of the parameters that characterize the
cell s [44], as follows:
 gðsÞ, the minimum cost of transition from sgoal to s found so far;
 hðsÞ (or heuristic value), estimates the minimum cost of transition from s to sstart . Using heuristic
provides that the search tree is oriented toward the most optimistic cells regarding their belonging
to the most favorable path from the start cell to the goal cell (which speeds up the search itself);
 f ðsÞ ¼ g ðsÞ þ hðsÞ, estimates the minimum cost of transition from sstart via s to sgoal ;
 rhsðsÞ ¼ mins0 2SuccðsÞ ðcðs; s0 Þ þ gðs0 ÞÞ or rhsðsÞ ¼ 0 if s ¼ sgoal , the one-step lookahead estimate of s
and expresses the path cost deﬁned by analyzing its neighbors’ g parameters. In application, each cell
keeps the pointer to the cell from which it provides its rhs parameter, so the agent should follow the
line of pointers from its current cell in order to pursue the generated path to the goal.
The pseudocode of D Lite is presented in Tab. 1 [45] (Algorithm 1), and its main steps are analyzed
below. During the operation of D Lite, the cells are classiﬁed as consistent (if g ðsÞ ¼ rhsðsÞ) or
inconsistent (in all other cases). The cells considered as inconsistent can be overconsistent (if
g ðsÞ > rhsðsÞ) or underconsistent (if gðsÞ < rhsðsÞ). In a fashion similar to the other planners from the A
and D families, D Lite initializes and updates a set of inconsistent cells (the OPEN list) so as to
execute an efﬁcient expansion of these cells and at the same time to expand a search tree. Cell expansion
is based on the key value as in line 8, which is calculated as in line 1. Initialization of the D Lite
algorithm implies determination the goal cell parameters so that it is classiﬁed as inconsistent and is
inserted into the OPEN list (lines 15–17). The algorithm then generates the minimum cost path by
activating the ComputePath( ) function (line 19). The agent moves along the calculated path (sstart is also
updated). If certain change occurs in the environment during the robot’s movement within the range of its
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sensor, the planner updates the rhs of all the cells affected directly by this change and inserts those cells that
become inconsistent in the OPEN list (lines 20–23). After that, it executes the path checking-replanning
process by recalling the ComputePath( ) function.
Table 1: D Lite pseudocode
Algorithm 1: The D* Lite algorithm (the basic version)
key(s)
01. return [min(g(s), rhs(s)) + h(sstart, s); min(g(s), rhs(s))];
UpdateCell(s)
02. if s was not visited before
03. g(s) = ∞;
04. if (s ≠ sgoal) rhs(s) = mins'∈Succ(s)(c(s, s') + g(s'));
05. if (s ∈ OPEN) remove s from OPEN;
06. if (g(s) ≠ rhs(s)) insert s into OPEN with key(s);
ComputePath()
07.while (mins∈OPEN(key(s)) < key(sstart) OR rhs(sstart) ≠ g(sstart))
08. remove the cell s with the minimum key from OPEN;
09. if (g(s) > rhs(s))
10. g(s) = rhs(s);
11. for all s′ ∈ Pred(s) UpdateCell(s');
12. else
13. g(s) = ∞;
14. for all s' ∈ Pred(s) ∪ {s} UpdateCell(s');
Main()
15. g(sstart) = rhs(sstart) = ∞; g (sgoal) = ∞;
16. rhs(sgoal) = 0; OPEN = ∅;
17. insert sgoal into OPEN with key(sgoal);
18. forever
19. ComputePath();
20. wait for changes in the edge costs;
21. for all the directed edges (u, v) with changed edge costs
22. Update the edge cost c(u, v);
23. UpdateCell(u);
Line 18 actually denotes that, in a practical implementation, the algorithm ends its work when
sstart ¼ sgoal (when the robot reaches the goal cell) [46]. If edge costs are equal to the dimensions
(lengths) of the corresponding transitions, then D Lite calculates the least-cost path, which is also the
shortest path in the graph representation of the environment.
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3.3 Some Properties of TOPSIS, COPRAS and SAW
The Technique for Ordering Preference by Similarity to Ideal Solution (TOPSIS) method introduces the
ranking index that includes distances from the ideal solution and the anti-ideal solution [47]. The ideal
solution minimizes the cost type criteria and maximizes the beneﬁt type criteria, while the opposite is
only true for the anti-ideal solution. The TOPSIS method is based on the idea that, in a geometric sense,
the optimal alternative should have the smallest distance from the ideal solution and simultaneously the
largest distance from the anti-ideal solution. The TOPSIS method is characterized by the following
advantages [48,49]: 1) it has a simple mathematical formulation; 2) it respects the ideal solution and the
anti-ideal solution when deﬁning the ﬁnal criterion function; 3) it provides a well-structured analytical
framework for ranking alternatives; 4) the algorithm is not complicated regardless of the number of
criteria and alternatives; 5) it is one of the best methods for solving rank reversal problems. This method
is especially suitable when there is an intention to avoid risk, because the maximum possible beneﬁt and
the maximum possible risk avoidance are often equally important to the decision-maker. The
normalization of values in decision matrix in the TOPSIS method is carried out by using vector
normalization, as in expression (4):
rij
(4)
xij ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
m
P
rij2
i¼1

where rij represents the value of the alternative i for the criterion j, m represents the total number of
alternatives, while xij represents the normalized value of the alternative i within the criterion j.
Multiplying the normalized values xij by criteria weights gives the elements vij of the weighted
normalized decision matrix [50]. The ideal solution and the anti-ideal solution are deﬁned by applying
expressions (5) and (6):
n
o
0
A ¼ ðmax vij j j 2 GÞ; ðmin vij ; j 2 G Þ; i ¼ 1; ::; n
(5)


¼ v1 ; v2 ; …; vm
n
o
0
A ¼ ðmin vij j j 2 GÞ; ðmax vij ; j 2 G Þ; i ¼ 1; ::; n
(6)




¼ v
;
v
;
…;
v
1
2
m
A indicates the best alternative (the ideal solution), whereas A indicates the anti-ideal solution
following the same logic [51]. Based on the deﬁned absolute distances of the alternatives from the ideal
solution and the anti-ideal solution, the relative distance of the alternatives to the ideal solution is deﬁned
and the ﬁnal rank of the alternatives is determined [52]. The best alternative is that with the highest value
of the criterion function.
The Compressed Proportional Assessment (COPRAS) method [53,54] has a somewhat more complex
criterion function value aggregation process. The COPRAS method, however, is characterized by a
simpliﬁed data normalization procedure, since data normalization performed by this method requires no
criterion transformation depending on the qualiﬁcation of the beneﬁt type or the cost type, which
eliminates the danger of the data structure disruption in the value normalization process, as is the case
with the largest number of multi-criteria models. The COPRAS method also provides a well-structured
analytical framework for ranking alternatives [54]. While the TOPSIS belongs to the so-called distancebased MCDM methods, the COPRAS method is classiﬁed as a scoring MCDM method. It uses the
procedure for the stepwise ranking of alternatives and the procedure for the evaluation of alternatives in
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terms of their signiﬁcance and utility degree. In the COPRAS method, criterion value normalization is carried
out by applying additive normalization, as in expression (7):
rij
xij ¼ Pm
(7)
i¼1 rij
where rij represents the value of the alternative i for the criterion j, m represents the total number of
alternatives, while xij represents the normalized value of the alternative i within the criterion j. After the
normalization of values, the aggregate values are deﬁned within the beneﬁt set and the cost set [55]. By
applying the expression (8), the signiﬁcance (inﬂuence) of each of the alternatives from the set is
determined and the ﬁnal rank of the alternatives is deﬁned:
Pm 
Pm 

Smin
Si
þ
þ
i¼1
i¼1 Si
   ¼ Si þ
(8)
Qi ¼ S i þ
Pm 1
Pm
Smin


Si
Si
i¼1 
i¼1
Si
Si
where Siþ and Si represent the aggregated criterion values within the beneﬁt set and the cost set, respectively.
The Simple Additive Weighting (SAW) method [47,56] belongs also to the group of the scoring multicriteria methodologies. Its main advantage reﬂects in the simple aggregation function. For each alternative a
cumulative characteristic is calculated, representing the sum of the weighted normalized values by all the
criteria. The alternative that corresponds to the largest value calculated in this way is the best solution. In
addition to the fact that SAW provides a simple procedure for ranking alternatives, the results obtained by
its application generally do not deviate from the results obtained by more advanced methods. In sum, the
following advantages of the SAW method can be underlined: 1) data normalization is not mandatory; 2)
it has a simple mathematical apparatus; 3) it has a well-structured analytical framework for ranking
alternatives; 4) the algorithm is not complicated regardless of the number of criteria and alternatives. One
of the main disadvantages of this method is that it can only be applied directly if all the criteria are
maximizing, while the minimizing criteria must ﬁrst be converted to maximizing ones. After deﬁning the
weight coefﬁcients of criteria [57,58], the ranking of alternatives is performed by applying the
aggregation function (9):
Qi ¼

n
X

xij  wj

(9)

j¼1

where wj represents the weight coefﬁcient of the criterion j, n represents the total number of the criteria, while
xij represents the normalized (simple linear normalization) value of the alternative i within the criterion j.
In addition to the previously mentioned characteristics of used MCMD techniques, below are details that
additionally motivated the authors to use the TOPSIS, COPRAS and SAW methods in this study. The SAW is
probably the best known and most commonly used MCDM method, because of its simplicity, but also
because it provides quality solutions [47]. The COPRAS method is one of newer methods which is
increasingly used in literature because of its several advantages (less computational time, very simple and
transparent, etc.) over other MCDM methods [50]. COPRAS is essentially an evolution of SAW so it also
provides quality solutions. TOPSIS on the other hand has the speciﬁc property of choosing the optimal
alternative not only on the basis of considering the ideal, but also the anti-ideal alternative. It provides the
choice of the alternative that is both closest to the ideal and farthest from the anti-ideal alternative and
therefore tends to minimize risk in decision making. These speciﬁcities were the motivation to
experiment with the general implementation of SAW, COPRAS and TOPSIS in MCDM-based
exploration strategies, as well as to additionally research the potential advantage of applying TOPSIS for
exploration in complex environments with a high level of risk of a bad choice in selection of the next
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robot position. However, the authors in future research plan to experiment with other MCDM techniques, in
order to deﬁne the optimal tools for application in autonomous exploration strategies in different speciﬁc
situations.
4 Simulation and Results
To evaluate the implementation of different MCDM methods in exploration strategies, the autonomous
exploration of the unknown complex environments was simulated in Matlab. In particular, an exploring robot
was engaged in the environment A and the environment B, as is shown in Fig. 3.

Figure 3: The environments A and B used for the test. (a) The environment A (100 × 100) (b) The
environment B (150 × 150)
These two environments have some different characteristics. The environment B contains the corridors
and a lot of rooms of a similar size, whereas the main speciﬁcity of the environment A is that it contains
corridor without obstacles and one room signiﬁcantly larger than the others. The common speciﬁcity of
the environments reﬂects in the fact that they both have a high risk of a bad choice in the selection of the
next robot position (primarily in terms of an information gain), noting that the level of this risk is different.
Exploration effectiveness also depends on the robot starting location to some extent. The results
presented in [7] show that, if there are fewer obstacles in an environment, then the inﬂuence of the choice
of the starting location on the environment exploration efﬁciency is smaller. Therefore, a total of four
different starting locations were processed for each given environment (one from the central area on each
side of the environment), different initial exploration conditions being tested. At each observation
location, the robot performed a 360° scan of the environment, within the maximum sensor range
(R = 15). The exploration ended when 90% of the environment was covered. The remaining 10% was
mainly composed of the room corners related to the less signiﬁcant features of the environment, not
signiﬁcantly affecting the comparison of the strategies [7,9].
The weights of criteria LðrÞ and AðrÞ were changed for each MCDM method in both environments with
an increment of 0.1 (the weight of the criterion PðrÞ was constant −0.1), keeping in mind that the sum of all
weights is equal to one, in order to ﬁnd the combination that would give the best results. Deﬁning a higher
weight for the criterion AðrÞ compared to the criterion LðrÞ caused the robot to strive to choose the location
that gave it a greater beneﬁt in terms of the size of the expected information gain, although the path it had to
pass in order to go to that location was longer than that to the competitive locations [8]. Detailed
considerations regarding the choice of criteria weights can be found in [8,9]. All the MCDM methods
tested in this paper had the best result with the combination of the weights 0.6, 0.3, 0.1 (MCDM-based
Strategy 1) in the environment A, and with the combination of the weights 0.7, 0.2, 0.1 (MCDM-based
Strategy 2) in the environment B, for the criteria LðrÞ, AðrÞ and PðrÞ, respectively. In order to test
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different approaches, in addition to MCDM-based strategies we tested Dist_Min and GBL strategy. Dist_Min
selects the candidate that minimizes criterion LðrÞ, while GBL selects the candidate that maximizes the value
of expression (2), where  = 0.2 (the same value reported in the original paper [18]). The performance of the
exploration for the starting location (in the Cartesian coordinate system) x ¼ 50, y ¼ 99 and MCDM-based
Strategy 1 (by using TOPSIS, COPRAS and SAW), Dist_Min and GBL in the environment A, as well as for
the starting location x ¼ 70, y ¼ 149 and MCDM-based Strategy 2 (by using TOPSIS, COPRAS and SAW),
Dist_Min and GBL in the environment B are given in Fig. 4.

Figure 4: The performance of the tested exploration strategies. (a) The environment A (b) The environment B
The exploration results in terms of the average travelled distance for the four above-mentioned starting
locations as per environment are given in Tab. 2.
Table 2: The average exploration results in terms of the travelled distances for the environments A and B
Exploration strategies

The travelled distance
Environment A Environment B

MCDM-based

Dist_Min
GBL

TOPSIS 785.83
COPRAS 884.80
SAW
808.42
896.59
889.87

1679.26
2176.37
2012.74
2426.94
2223.81

The risk level of a bad choice in the selection of the next robot position relates to the complexity of the
environment, primarily in terms of the present obstacles, their shape and dimensions, and so on. The
mentioned risk is particularly signiﬁcantly higher in the case when the environment contains the obstacles
whose dimensions are larger than the robot’s sensor range. In the opposite case, the level of considered
risk is lower. Accordingly, the MCDM-based exploration Strategy 1 by using SAW, COPRAS and
TOPSIS, as well as Dist_Min and GBL were additionaly tested in a simple environment with a low risk
of a bad choice in the selection of the next robot position (Fig. 5).
The exploration results in terms of the average travelled distance for the four different starting locations
(one from the central area on each side of the environment C) for this environment are given in Tab. 3.
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Figure 5: The environment C (100 × 100) used for the test
Table 3: The average exploration results in terms of the travelled distances for the environment C
Exploration strategies

The travelled distance
Environment C

MCDM-based

Dist_Min
GBL

TOPSIS
COPRAS
SAW

434.48
423.86
444.59
579.52
476.66

The exploration results of the MCDM-based strategy using the TOPSIS method and the corresponding
robot paths generated by the D* Lite algorithm for the starting locations considered in Fig. 4 in the
environments A (x ¼ 50, y ¼ 99) and B (x ¼ 70, y ¼ 149) are shown in Figs. 6 and 7, respectively.

Figure 6: The covered area and the path generated by the D* Lite algorithm in the environment A with the
implemented MCDM-based exploration Strategy 1 (by using TOPSIS)

Figure 7: The covered area and the path generated by the D* Lite algorithm in the environment B with the
implemented MCDM-based exploration Strategy 2 (by using TOPSIS)
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5 Discussion
The results presented in Tab. 2 show that it is reasonable to apply a MCDM-based strategy in order to
improve the efﬁciency of exploration, rather than the other tested techniques. Comparing the three applied
MCDM methods, the TOPSIS has the best exploration results in both environments, which means that
TOPSIS leads the robot to travel the shortest distance in order to explore 90% of the area (a distance
shorter 11.22%, 2.83%, 12.39% and 11.74% than that by using COPRAS, SAW, Dist_Min and GBL
respectively in the environment A, and a distance shorter 22.84%, 16.57%, 30.81% and 24.49% than that
by using COPRAS, SAW, Dist_Min and GBL respectively in the environment B). These results have a
theoretical basis, taking into account the common speciﬁcity of the environments A and B (a high risk of
a bad choice in the selection of the next robot position) and the characteristic of the TOPSIS method
related to the intention to minimize the risk in decision-making as well. On the other hand, SAW and
COPRAS are the classical aggregation methods that do not consider the “distances” between the ideal
solution and the anti-ideal solution, but are also broadly applied in MCDM irrespective of that fact. The
results presented in Tab. 3 show that, in the scenarios with a low risk of a bad choice in the selection of
the next robot position, all the three analyzed MCDM methods can be expected to achieve similar or
comparable exploration results.
Analyzed from the aspect of combinations of criteria weights, the MCDM-based Strategy 1 was more
successful than the MCDM-based Strategy 2 in the environment A because it gave more importance to the
criterion of the expected information gain, bearing in mind the fact that it can bring signiﬁcant exploration
beneﬁts. This approach comes to the fore in such situations like the environment A, which contains a larger
open spaces without obstacles. On the other hand, this approach can lead to poorer results compared to the
approach with the lower weights of the criterion AðrÞ if the initially assumed open space is in fact blocked
[8]. Therefore, if the environment is such that a signiﬁcantly greater beneﬁt according to the expected
information gain cannot be expected with certainty, then the “aggressive” strategy forcing the robot to travel
greater distances in order to explore more space does not give better results than the less “aggressive” strategy
that gives less importance to this criterion, simultaneously increasing the signiﬁcance of the travelled distance.
The main feature of the MCDM-based exploration strategies, that is conﬁrmed in this paper, implies that
these strategies allow ﬂexibility in selecting/adding the criteria that drive the exploration process depending
on a speciﬁc situation and the objectives of the mission [7,8]. Besides, MCDM-based exploration strategies
enable ﬂexibility in deﬁning criteria weights, taking into account the information about the environment
available at the beginning of the exploration, as well as the data collated during that process (bearing in
mind the fact that, in a real situation, it is difﬁcult to deﬁne in advance the combination of weights that
will provide the best exploration results). In other words, the MCDM-based strategy allows the
application of and change in various behaviors which the exploration will be carried out. If there is a set
of deﬁned criteria, changing the value of their weights during the exploration process [8] may lead to
transition from one behavior to another.
6 Conclusion
The application of MCDM-based exploration strategies by using the SAW, COPRAS and TOPSIS
methods is presented in this paper, together with the analysis of their performances in the complex
environments with a different level of the risk of a bad choice in the selection of the next robot position.
The best exploration results in the environments with a high risk of a bad choice in the selection of the
next robot position were obtained by using TOPSIS. These results are theoretically based, bearing in
mind the fact that the TOPSIS method enables the approach in which the maximum possible beneﬁt and
the maximum possible risk avoidance are treated as equally important. In the environments with a low
level of a considered risk, all the analyzed MCDM methods achieved either similar or comparable
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exploration results. In both cases, the MCDM-based exploration strategies achieve better results than other
tested techniques. The D* Lite algorithm is used to calculate the shortest path to each candidate (one of the
criteria in MCDM), as well as to plan the robot path to the selected candidate.
A limitation of this concept may be the impossibility of processing uncertain input information. This
limitation will be considered in the future research that will include the application of fuzzy theory, rough
theory or neutrosophic theory in order to process the uncertainties that represent criterion values. In order
to improve the exploration process, especially in search and rescue missions, the integration of
probabilistic models to increase the reliability of path planning [59] will be considered. Potential future
research will also relate to the automation of the criteria weights adjustment process in MCDM-based
exploration strategies, based on the experience and learning algorithms, as well as to include soft set
theory in MCDM [60].
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