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Abstract. This conceptual paper discusses a graph-based approach for
on-line terrain coverage, which has many important research aspects and
a wide range of application possibilities, e.g in multi-agents. Such ap-
proaches can be used in different application domains, e.g. in medical
image analysis. In this paper we discuss how the graphs are being gener-
ated and analyzed. In particular, the analysis is important for improving
the estimation of the parameter set for the used heuristic in the field of
route planning. Moreover, we describe some methods from quantitative
graph theory and outline a few potential research routes.

1 Introduction

The on-line terrain coverage problem is very important and can be found in
many different real world applications in diverse areas ranging from farming [1]
to search and rescue [2].

There are a few research attempts on terrain coverage based on genetic algo-
rithms, in particular ant-robots [3], and in [4] a simultaneous on-line coverage
strategy for multi-robots is presented, which assures robust coverage of the sur-
face regardless of the shape of the unknown environment. This is very interesting
as ant-robots can cover terrain by leaving ”markings” in the terrain, similar as
in nature, and these markings can be sensed by all robots and allow them to
cover the unknown terrain without direct communication with each other. Such
approaches can be used for knowledge discovery and interactive data mining
[5, 6].

By means of smart autonomous single agents or a swarm, these applications
pursue the main objective to cover an unknown environment without any a
priori information. For the multi-agent case this problem is known as NP -hard
[7]. The coordination of multi-agent systems have been investigated extensively
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[8]. There are examples for the coordination of multi-agent systems in biology
[9, 10] and physics [11] inspired approaches as well as economic based control
models [12, 13].

While the agents visit each location at least once, they create a graph to repre-
sent the actual information of the environment. Through continuous sensing and
data collection, the graph will change during the whole run time. To optimize
the coverage process the agents try to find suitable routes based on the ac-
tual graph. There are established heuristics to solve the route planning problem
[14–18]. The quality of the determined solutions depends on the used parameter
set of the heuristic. Therefore it is necessary to analyze the available graph be-
fore. As a result we are able to estimate and adjust the heuristic parameters to
find optimized routes.

This paper is structured as follows. Firstly, the general terrain coverage as-
sumptions and an overview of the graph building process are presented. Secondly,
we describe the optimization process from the current coverage to Terrain net-
works through to the routes. Thereafter an introduction of quantitative analysis
and the measurement of graphs are presented. The last section summarizes the
advantages of a continuous graph analysis in the field of terrain coverage. Fur-
thermore we will outline potential applications.

2 Graph-Based Terrain Coverage Model

The terrain coverage problem can be described with the help of a graph. In
general the range of the sensors will determine the size of a cell which is rep-
resented by a node. The environment which is blocked by an obstacle is not
transferred into the graph. The possible crossings between adjacent cells are
represented by the edges. Consequently an undirected graph G = (V,E) with
the costs cvi,vj represents the environment. In our case the costs are encoded on
the considered property like energy consumption. The cost matrix is defined on
the edges (vi, vj) ∈ E. Furthermore the agents can move between two connected
cells within one time step. While the agents are visiting a cell they can sense two
different things. They can check all eight adjacent cells for obstacles. Besides
the components can sense the cost function for the current cell. Only for two
adjacent and sensed vertices we are able to determine the true costs to traverse
the referring edge.

For the on-line terrain coverage problem there is limited information of the
environment. While the agents traverse the environment they collect new data of
costs and general connections between the cells. Therefore the individual graph
of each agent is changing during the run time in a continuous way. In addition
the individual graph is used to exchange the actual information. As a result there
is a global graph representing the combined information of all agents.

The swarm of autonomous agents is self-coordinated and organized by an
auction based approach [13], [19]. There are different advantages using an auction
based model without a central coordinator, called planning and control agent.
On the one hand a decentralized and more robust behavior is expected. There
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is for example no need of direct and permanent communication links. Besides
failures by the planning and control agent would affect the swarm in a negative
way. In the worst case the whole swarm would collapse. On the other hand
for a self-coordinated auction based approach, the agents try to maximize their
individual profits in an opportunistic way. Consequently the global efficiency is
increased.

The exploration of the swarm can be organized by different approaches [13],
[20, 21]. In general there are tasks representing parts of the unknown environ-
ment. Each agent uses the currently available and matched graph for deter-
mining possible routes. In previous researches [22] a multi-objective ant colony
algorithm [23] is used to determine routes considering multiple objectives. For
example the agents are able to find good routes which are as safe, short, robust,
most informative and economical as possible at the same time. This is a signif-
icant improvement for real world applications. For further information on the
described terrain coverage approach we recommend [19].

3 Optimization Process

Next we explain our conceptional optimization process for an autonomous multi-
agent system. First of all each agent creates an individual graph representing the
information about the sensed environment only. As long as an agent does not
have a current task, auctions will be initiated by this agent. Every agent within
the same communication network participates with a bid. Before the agents
determine their routes, they exchange the individual graphs. The auctioneer
agent merges the graphs by determining the union of known vertices. Besides
some additional costs to traverse the edges can be added to the graph.

Next the matched graph will be used to estimate missing information of ver-
tices and edges/costs for unknown parts of the environment. The transformation
from the coverage to the matched Terrain network for two agents at t = 5 and
t = 21 is shown in Figure 1. The estimation is necessary to enlarge the so-
lution space of possible routes. There are different approaches using intervals
[24], probability distributions [25] or Fuzzy Logic [26] to describe and deter-
mine costs under uncertainties [27]. Already known cells are used to estimate
the unknown cells. For this purpose we use the method of diffusion. The closer
an unknown cell is to a known cell, the higher is the probability that the costs
are similar. Therefore, a diffusion function is introduced which describes the in-
fluence of known costs as a function of distance. The diffusion function can be
either constant or non-constant. For example interval boundaries for the costs
ci,j ∈ [bi,j , bi,j ] of unknown edges are determined by the weighted mean of all
diffused costs starting from known cells. The resulting graph called Terrain net-
work is the basis of further graph analysis. In general a Terrain network is an
undirected multigraph which is connected and weighted. In Section 4 we present
quantitative graph measurements which can be used for analysis. Because of the
analysis results concerning the characteristics, structure and complexity of the
graph, the understanding and optimization is facilitated in general. Furthermore
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the results are used to define a good parameter set for heuristics which solve the
route planning problem. In addition the analysis can be used to define an au-
tonomous decision maker for multi-objective optimization. The decision maker
evaluates the influences of the different objectives to select one of the compro-
mise solutions. Considered objectives may be the minimization of the energy
consumption, directional changes and route length as well as the maximization
of the information content described by the number of unknown vertices. For
example at the beginning of the coverage process the route length should at-
tach more weight. While the coverage process the weight for routes with higher
information content should be increased.

Finally the agents use the optimized parameter set and decision maker to find
a good solution for the route planning problem. The agent with the best bid
concerning the objective function wins the auction. In Figure 2 we visualize the
previous described generic optimization process using networks.

4 Quantitative Analysis of Terrain Networks

Graph analysis is currently ubiquitous and has been inspired by interdisciplinary
applications such as the World Wide Web [28, 29] and Network Biology [30–32].
Triggered by the hype dealing with the analysis of complex networks, it turned
out that besides exploring random networks the analysis of non-random graphs
is crucial too [33–35]. Finally this insight led to the term complex networks
[33], [36] representing graphs whose network topology is neither regular nor ran-
dom. Besides investigating the topology of graph classes such as random graphs,
small world graphs and various complex networks, the quantitative analysis of
networks has been proven useful [37–39]. Instead of only describing structural
information of networks [40, 41], quantitative graph theory relates to quantify
structural information by using a measurement approach.

The simplest case is defining graph measures M : G −→ R which capture
structural information of the graphs. Those measures are called complexity mea-
sures [42, 43] that map graphs to the reals. Examples for simple graph complexity
measures are the famous Wiener index and Randić index given by [44]

W (G) :=
1

2

N∑

i=1

N∑

j=1

d(vi, vj) (1)

and
R(G) :=

∑

(vi,vj)∈E

[kvikvj ]
− 1

2 , (2)

respectively. We define G = (V,E) and d(vi, vj) is the shortest distance between
the (vi, vj) ∈ V . Furthermore kvi is the vertex degree of vi.
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Fig. 1. Terrain network transformation for a) t=5 and b) t=21. Estimated vertices and
edges are in gray.
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Fig. 2. Generic optimization process by using graph analysis of networks
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In the future, we focus on measuring the complexity of Terrain networks by
using known complexity measures [44]. For instance, it would be interesting
whether these measures can fully discriminate the structure of the networks as
it is likely that the networks are non-isomorphic. Note that the discrimination
power of information-theoretic and non-information-theoretic graph measures
have been investigated extensively [45–48]. Also, we aim to cluster the complexity
values by using known techniques [49] and interpret those clusters. Then we get
clusters which contain graphs for a given scenario. This leads to results how the
graph may interrelate with each other.

Another branch of quantitative graph theory is graph comparison by using
graph similarity/distance measures [50–52]. This relates to measure the struc-
tural similarity/distance between graphs which can be done by employing several
paradigms. Exact graph matching [50–52] relates to determine isomorphic and
subgraph isomorphic relations. In case the networks are large, the resulting mea-
sures may be inefficient. In case of our Terrain networks, we intend to use inexact
graph matching that comprises the well-known graph edit distance (GED) [50]
and various other measures, e.g., those which are based on using property strings
[53, 54]. The Terrain networks can be classified by using supervised and unsu-
pervised techniques. This would allow defining graph classes for each scenario
and to determine their characteristic structural features.

5 Conclusions and Future Work

In the future we will further investigate structural features and the complexity
of Terrain networks. In particular, we will compare the complexity of Terrain
networks with those of other network classes and draw conclusions thereof. This
approach is particularly interesting for knowledge discovery and data mining
from natural images, e.g. complex biomedical images [55] where multi-agents,
e.g. ant-robots can explore the image as an topological landscape and the au-
tonomous robots leave markings on ”interesting” spots, where these markings
can be sensed by all robots and allow them to cover the unknown terrain with-
out direct communication with each other, hence to discover anomalies, sim-
ilarities or dissimilarities within such an image. Such approaches can also be
useful for overcoming local optima problems in image segmentation, where such
an approach takes advantage of random operators and multi-individual search
algorithms, so that the best single agent tries to find a global solution [56]. Dur-
ing the autonomous agents covering the unknown terrain they have to make
decisions on task allocation and route planning. First results show that there
is a need to develop an autonomous process to determine a good parameter
set for route planning heuristics, e.g. ant-colony optimization. Particularly, such
approaches can be very beneficial when combined with evolutionary algorithms
[57] which together have enormous potential in further research on graph-based
data mining and knowledge discovery.
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23. Alaya, I., Solnon, C., Ghédira, K.: Ant colony optimization for multi-objective
optimization problems. In: Proceedings of the IEEE International Conference on
Tools with Artificial Intelligence, pp. 450–457 (2007)

24. Karasan, O., Pinar, M., Yaman, H.: The robust shortest path problem with interval
data. Technical report, Bilkent University, Department of Industrial Engineering,
Ankara (2001)

25. Bertsekas, D., Tsitsiklis, J.: An Analysis of Stochastic Shortest Path Problems.
Mathematics of Operations Research 16 (1991)

26. Yao, J.S., Lin, F.T.: Fuzzy shortest-path network problems with uncertain edge
weights. Journal of Information Science and Engineering 19, 329–351 (2003)

27. Sahinidis, N.: Optimization under uncertainty: state-of-the-art and opportunities.
Computers & Chemical Engineering 28, 971–983 (2004); FOCAPO 2003 Special
issue

28. Adamic, L., Huberman, B.: Power-law distribution of the world wide web. Sci-
ence 287, 2115a (2000)

29. Chakrabarti, S.: Mining the Web: Discovering Knowledge from Hypertext Data.
Morgan Kaufmann, San Francisco (2002)

30. Barabási, A.L., Oltvai, Z.N.: Network biology: Understanding the cell’s functional
organization. Nature Reviews. Genetics 5, 101–113 (2004)

31. Dehmer, M., Emmert-Streib, F., Graber, A., Salvador, A. (eds.): Applied Statistics
for Network Biology. Quantitative and Network Biology. Wiley-Blackwell (2011)

32. Emmert-Streib, F., Dehmer, M. (eds.): Analysis of Microarray Data: A Network-
based Approach. Wiley VCH Publishing (2010)

33. Dorogovtsev, S.N., Mendes, J.F.F.: Evolution of Networks. From Biological Net-
works to the Internet and WWW. Oxford University Press (2003)
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