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Recent developments in miniaturization of computing devices,in location-sensing technology and in ubiquitous
short-range wireless networks enable new types of social behaviour such as short-term, ad-hoc meetings of people in
co-located geographical space. This paper investigates a novel usage type of these technologies, ad-hoc shared-ride
trip planning in transportation networks. Shared-ride trips involve transportation clients such as pedestrians travelling
with transportation hosts such as private automobiles, buses, taxi cabs or trains. Assigning clients and hosts in an
ad-hoc manner challenges current trip planning approaches,in particular for non-scheduled hosts. Thus, in the novel
approach we consider the transportation network as an ad-hoc mobile geosensor network using a short-range, self
organizing strategy. This approach can be fully scalable ifevery new transportation request can be solved locally
in the geosensor network, a property that we investigate by comparing different communication strategies between
nodes in the system. We will demonstrate that local communication strategies save communication costs and still
deliver near-to-optimal trips.
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1 Introduction

Urban mobility can be greatly enhanced by concepts of ride sharing. Wherever ride
sharing has evolved the process was driven by social conventions more than by
technological progress (Resnick 2004), avoiding the complexities of shared-ride trip
planning and assignment. However, with the capabilities oftoday’s technology of
small-form, handheld computing devices, location sensingand ubiquitous wireless
communication networks—combined toad-hoc mobile geosensor networks (Stefani-
dis and Nittel 2005)—, new types of multimodal, real-time trip planning and assign-
ment systems are possible. In this paper, we are looking intothese complexities: we
envision a system that integrates the transportation capacities of the (volunteering)
vehicles in urban traffic in order to identify a trip for persons with an ad-hoc travel
demand. Shared-ride systems have many social and economic implications, such as
trust, safety, or privacy of travellers, long term changingtravel behaviour of citizens,
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2 Ad-hoc shared-ride trip planning

and urban accessibility. However, in this paper we solely concentrate on the aspect
of enablingad-hoc trip planning in a shared-ride system.

Current systems are based on centralized services that maintain a global view of a
transportation network, and (pre-)plan individual trips on request. These approaches
are, however, not scalable for very large numbers of transportation clients and hosts
in real-time due to their rather chaotic, continuously changing configuration. Ad-hoc
shared-ride trip planning concerns planning for an arbitrary number of transportation
clients in an ad-hoc manner, in real-time, in a dynamic transportation network that
can consist of hundreds of thousands of transportation hosts on the road, with hosts
of diverse travel behaviour and travel constraints. Among the transportation hosts are
for example private car drivers with their autonomy and a relatively small passenger
capacity, or trains with their schedules (and running out ofschedule) and relatively
large passenger capacity. Trip planning in this environment is planning on a complex,
non-deterministic transportation network. Since the transportation network changes
all the time by hosts entering or leaving the traffic system or by clients getting on
and off transportation hosts, individual trip plans themselves become dynamic. A
trip plan which is optimal at a timet may become sub-optimal later on. In this envi-
ronment trip planning has to be a continuously adaptive and recursive process. Thus,
ad-hoc trip planning is an interesting research challenge in its own right.

We propose considering the transportation network as an ad-hoc mobile geosensor
network, with transportation clients and hosts as the geosensor nodes. The beauty of
geosensor networks is that they give up the traditional central database. Trip planning
becomes a collaborative task in a distributed network of mobile nodes, with ad-hoc
peer-to-peer communication (Zhao and Guibas 2004, Stefanidis and Nittel 2005). In
this way, communication between the peers becomes the key totrip planning. This
approach can be fully scalable if every new transportation request can be solved
locally in the geosensor network. Hence, we focus in this paper on the relationship
between trip planning and communication strategies.

The hypothesis of this paper is that mobile geosensor networks are an effective
and efficient approach for ad-hoc shared-ride trip planning.They are effective if the
quality of trips is acceptable, and efficient if the communication effort for an effective
trip can be significantly reduced compared to collecting exhaustive network knowl-
edge. We will collect evidence for the hypothesis in three steps: we will show (i) that,
in principle, optimal trips can be found in geosensor networks, (ii) that trips can be
generated with local knowledge only, and (iii) that trip quality and communication
effort can be balanced by choosing an appropriate communication strategy.

We will show these properties by simulation. Without limiting generality we can
allow theclients to collect data about the current transportation network inorder to
plan and select transportation hosts. Communication strategies for shared-ride trip
planning are unique compared to other communication strategies in mobile geosen-
sor networks. Where others investigate effective one-way informationdissemina-
tion in geosensor networks (e.g., Nittel et al. 2004, Wolfson andXu 2004), we
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model atwo-way negotiation process. This process realizes, additionally to infor-
mation dissemination about travel demands, a pull communication—communication
on request—that is in parts directed from and to transportation hosts that are inter-
ested in offering rides. We will develop a protocol that directs the communication
and increases the efficiency of the communication strategy. Negotiation has to be
solved quickly since it depends on communication network connectivity and locality
of both clients and hosts, and it requires frequent updates.This means negotiations
in mobile networks are effective only over short distances.

We investigate three communication strategies on a given and simple wayfind-
ing heuristics. First, a spatially unconstrained communication strategy is applied. It
yields exhaustive network knowledge, and hence, (under conditions to be discussed
later) optimal shared-ride trips. Next, two spatially limited communication strategies
are investigated, and their effectiveness and efficiency is assessed by their average
shared-ride trip durations (including wait and travel time), and communication ef-
forts. We will demonstrate that local communication strategies save communication
costs and still deliver near-to-optimal trips.

The paper is structured as follows. The next section, Section 2,discusses related
systems and technologies. Section 3 describes in detail the problem of shared-ride
trip planning in the envisioned system. Then, in Section 4, thenecessary components
of a mobile geosensor network are explained. In Section 5 we formalize the negoti-
ation process between transportation clients and hosts in geosensor networks for the
purpose of simulation. The results of the simulation are discussed in Section 6. The
paper closes with a summary and an outlook to further open questions in Section 7.

2 The position of shared-ride trip planning using geosensornetworks

In this section we introduce shared-ride systems and mobilegeosensor networks.
Shared-ride systems in general, and shared-ride trip planning in particular are not
new. What is new in our idea is the application of mobile geosensor networks, and
hence, the concentration on ad-hoc requests and spatially localized problem solving.

2.1 Current trip planning systems

Current approaches for real-time individual trip planningare based on centralized
services. This is the case for current commercial solutions,and also for research ap-
proaches (Ziliaskopoulos and Mahmassani 1993, Fu 2001, Dillenburg et al. 2002,
Chon et al. 2003). A centralized trip planning system typically consists of a database
management system that stores a global view of the transportation network. It keeps
track of all changes made by a large number of continuously moving agents, ideally
vehicles as well as clients. Furthermore, it either plans optimal trips for all clients,
or it broadcasts the changes in traffic in aggregated form (forexample, by a traf-
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fic message channel, or locally by beacons) to autonomously planning clients (for
example, car navigation systems). With uncertainty in between updates (Dillenburg
et al. 2002), some research focuses on the risk in trip planning in dynamic trans-
portation networks (Ran and Boyce 1996, Boyce et al. 1999). If a central system
even wants to provide an adjusted optimum for all clients, then each change in the
network potentially requires updating all trip plans and assignments. Additionally,
the system has to manage the communication with clients and hosts. This iterative
process is expensive. Since any client is potentially related to any host, complexity
grows exponentially with the number of clients, which meansthe system is not scal-
able. Central services are also challenged in unpredictably dynamic networks where
transportation demand and supply appears ad-hoc, such as our scenario below. With
supply appearing in an ad-hoc fashion, no globally optimal route can be determined.

Transportation systems are among the envisioned applications for mobile sensor
networks in Zhao and Guibas (2004). According to a characterization schema of
transportation systems (Sussman 2000) our ad-hoc shared-ride trip planning in mo-
bile geosensor networks is a transportation system which ischaracterized byindi-
vidual travelers, urban transport, andprivate operation Nijkamp et al. (1996) iden-
tify travel information as one of the major functions of transportation systems. Our
shared-ride trip planning system provides travel information in an unconventional
manner.

2.2 Shared-ride systems

Shared-ride systems enjoy some popularity in communities such as companies,
churches or universities, while public shared-ride systems are currently not popu-
lar for several reasons. One of them is the association with hitchhiking. Hitchhiking
has a negative connotation in some cultures, but not everywhere. Another reason
is the inflexibility of current shared-ride systems with real-time travel needs in a
dynamic environment. Shared-ride agencies such as the Mitfahrzentrale™1 or Ri-
deNow™2 expect that car drivers as well as passengers register theirofferings and
needs, respectively, well in advance. Institutionalized commercial ad-hoc shared-ride
systems such as SuperShuttle™3 operate only from well-known pick-up points and
rely on social conventions such as branding. Route planningis still done by the shut-
tle drivers and is part of the human-human interaction.

However, the current situation is surprising given the enormous potential predicted
by traffic managers (Dillenburg et al. 2002) or social scientists (Noda et al. 2004,
Resnick 2004). Resnick, for example, names some successfulshared-ride systems

1http://www.mitfahrzentrale.de
2http://www.ridenow.com
3http://www.supershuttle.com
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that are ad-hoc without any technological support and function only by social con-
ventions, for example, by waiting for a ride in queues at well-known pick-up points.
A more flexible solution, like the proposed one, has thereforethe potential for sig-
nificant social and economic impact.

Hence shared-ride systems have to consider some implications and challenges
prior to any realization. They concern, for example, trust and safety, liability, eco-
nomic incentives and business models (McCarthy 2001), urban mobility and access,
fair share (Naor 2005), and privacy (Monmonier 2002). A particular concern is the
change of a potentially negative public perception of shared-ride traveling, and re-
lated to that, a change in the proxemics of the involved social beings (Hall 1966).
When we look into trip planning we are aware of all these otheraspects, but leave
them for further work.

2.3 Mobile geosensor networks

Geosensor networks are a specific type of sensor networks (Zhaoand Guibas 2004).
A sensor network consists of a large collection of individual small computing plat-
forms (nodes) each of which can be equipped with a variety of micro-sensors and
is capable of wireless short-range communication. A geosensor network has at least
one positioning sensor node such as a GPS receiver as part of the overall network
(Stefanidis and Nittel 2005), so that all other nodes can derive at least their relative
geographic position. In mobile geosensor networks, each node is likely to contain
a private location sensing capability. Nodes of a geosensornetwork collaborate in
an ad-hoc, task-oriented fashion. In the literature such network topologies are also
called mobile ad-hoc networks or MANETs (e.g., Gerla et al. 2005). Today, an ad-
hoc mobile geosensor network can be established using hand-held devices as used
by pedestrians and automobile drivers; in the near future, hand-held devices will be
replaced with cent-size computing nodes that are embedded in cell phones, watches
or car navigation systems.

Using wireless sensor networks, several technical solutions or media for wireless
communication are possible; they can be classified into short-range and wide-range
wireless communication (Zhao and Guibas 2004). To preserve energy, the RF signal
strength is kept low. For our type of geosensor network, short-range wireless com-
munication such as Bluetooth or WiFi is of interest. Each client and host is a radio
sender as well as a receiver, and broadcasting is used to generate or forward messages
to other agents in the reception area of a sender. Since radio range of these technolo-
gies is between 3m and 100m, information is disseminated to farther agents by be-
ing re-broadcasted by recipients (multi-hop). However, the decisionwhether an agent
will rebroadcast information that it picked-up, andto whom, influence the spread of
the information in the network and the congestion of the network bandwidth so that
an optimal trade-off between both has to be found. Furthermore, communication in
wireless sensor networks takes place in relatively short and synchronizedcommu-
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nication windows; the rest of the time the network nodes are not listening, again to
preserve energy. The length of these communication windows limits the numbers of
messages passing through each node.

Different information dissemination strategies in sensornetworks are possible. An
initial classification of information dissemination strategies in mobile geosensor net-
works was investigated by Nittel et al. (2004). The information strategies were clas-
sified in the following way:

(i) flooding: each agent that receives a message about a clientrequest passes on the
information repeatedly to every other agent within its radio range. Each receiving
agent also passed on the information to any other node in the network.

(ii) epidemic: each agent passes on the information to only the firstk other agents it
encounters. The receiving agents will proceed similarly.

(iii) location-constrained: requests are re-broadcastedby an agent only within the spa-
tially constrained proximity of the original request, and then no longer passed on.

Their appropriateness for the present problem—matching mobile agents with trans-
portation requirements to moving agents offering transportation in an ad-hoc
manner—needs to be studied in more detail.

Roussopoulos et al. (2004) have developed criteria to decide whether a problem
is a ‘peer-to-peer problem’. Referring to these criteria, ad-hoc shared-ride trip plan-
ning is clearly a case for peer-to-peer approaches (as realized by mobile geosensor
networks):

• low-budget decisions: transportation information is a penny business.
• relevance: local communication in a geosensor network reaches the relevant

agents, and directing messages will further reduce any unnecessary communica-
tion.

• trust: there is low motivation for giving false transportation information.
• rate of change: the rate of change in a mobile geosensor network is high. While

this may be a disadvantage in a distrustful environment, we even argue that in our
case the high rate of change is a motivation for a peer-to-peer solution.

• criticality: transportation information is uncritical; if the optimal trip cannot be
detected the second optimal will do.

3 The problem definition

In this section we introduce a scenario of shared-ride traveling in an urban environ-
ment. The scenario allows us to study in detail the shared-ride navigation problem in
an unpredictably dynamic transportation network, compared to current trip planning
systems.
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3.1 A shared-ride planning and assignment system

Consider the following scenario. Hillary has just missed her bus to work today.
Around Hillary is heavy traffic. Now, she is glad to have subscribed to a transporta-
tion service that mediates between her current travel needsto her destination, and
those subscribed car drivers who are going in her direction.She switches on her de-
vice, which immediately starts to communicate with devicesof car drivers close by
and starts trip planning and booking. Soon after, Hillary sees a friendly car driver
stopping to give her a ride. The ride takes her on the first leg of her trip. During the
ride, her device still runs in the background. It looks up in the network for appropriate
transfers, and books them for Hillary. Hillary will be on time for work today.

In contrast to current real-time route planning services, Hillary’s service has no
central communication and planning component. Instead, all negotiations and plan-
ning happens directly between Hillary’s device and the device of car drivers. In this
way, the data for trip planning is always current. Future states of the transporta-
tion network cannot be seen though, because most of the car drivers do not follow
schedules. For communication, the spatial proximity of clients and hosts is an issue:
Hillary’s device has a limited communication range. But messages can be forwarded,
and thus, Hillary can impose a maximal communication range,for example, to re-
duce energy costs. Nodes forwarding messages could get an incentive such as a small
amount of money.

3.1.1 The transportation client agents.In the scenario people like Hillary are looking
for rides from their current positions to a particular destinationd. We call these
travelerstransportation client agents or clients for short, and denote them byCi, i =

1 . . .m. Clients are mobile agents thatsense their own current location, communicate
with near-by agents,plan a shared-ride trip, andact by taking a ride or moving
autonomously. The communication between transportation agents is radio-based, and
encompasses that the clients can broadcast request (which may be forwarded), collect
offers, and book specific transportation hosts.

3.1.2 The transportation host agents.In the scenariotransportation host agents or
hosts for short are all sorts of vehicles, such as private cars, buses, taxis, or subways.
Hosts are denoted asHi, i = 1 . . . n. The travel plans of hosts form the links of
a transportation network. These links are spatially bound tothe street network, but
temporally highly irregular and the routes are by no way predictable since many
of the considered vehicles are autonomous, i.e., not scheduled: at any time a new
vehicle can enter the traffic and offer rides, current vehicles can get occupied and
are temporarily not available—in particular private cars offer a rigorously limited
transportation capacity—, and other vehicles reach their destination and withdraw
from the network.



8 Ad-hoc shared-ride trip planning

3.1.3 The shared-ride transportation network.In our scenario, traffic is bound to the
physical street network. From a network perspective, the dynamic provision of trans-
port along network edges (street segments) forms a time-dependent cost function for
these edges. Travelling along a street segment requires waiting until a host with free
capacity comes along. Not all future transportation opportunities are known at a time
ti. Consequently there is no guarantee for any connected sequence of host segments
to the client’s destination in any trip planning process, and new knowledge might
only emerge over time during travelling. Still, clients needsome heuristic wayfinding
strategies. We can assume, however, that every client finds transportation to his/her
destination sooner or later.

We can assume that the relevance of transportation hosts fortrip planning decrease
with spatial distance from a client. For a client it is more likely to find a closer host
with transportation capacity, i.e., departing sooner anyway, or she will find no host
within her search range, and hence wait until suited hosts appear in her range.

In all these aspects the transportation network differs fundamentally from classical
multi-modal networks, which are assumed to be scheduled andalways connected. In
multi-modal networks the time-dependent cost functions are predictable and known
in advance. Additional components might consider real-time information on delays
and updated schedules (Wardell and Ziliaskopoulos 1998). Other time-dependent
route planning algorithms assume static (street) network with dynamically changing
weight functions, for example, according to the current traffic situation (Chon et al.
2003). Schedule-based algorithms can be found in the literature (Cooke and Halsey
1966, Klafszky 1972, Peng and Tsou 2003, Orda and Rom 1990). Implemented in
central services, for example in Web services for public transportation planning, they
rely on comparatively small concurrent user numbers.

3.2 A shared-ride trip heuristics

Using the introduced scenario, we reformulate the trip planning problem in the fol-
lowing way: Hillary is looking for a ride in a dynamic transportation network. She
has temporally and spatially limited knowledge of the actual transportation network.
Trips such as hers require (i) communication strategies to balance between commu-
nication effort and planning restrictions, and (ii) wayfinding strategies to deal with
temporary gaps in the network.

Client agents can select different wayfinding strategies, which vary the navigation
result. For example, clients can apply theleast-angle strategy, choosing from the
available hosts the first that goes in their direction, or theycan apply alongest-leg
strategy, looking for the host that brings them closest to their destination (Hochmair
and Frank 2002). However, investigating different navigation strategies is beyond the
scope of this paper. Instead, we choose one strategy, and focus only on the effects of
different communication strategies. Other wayfinding strategies will be affected by
different communication strategies in similar ways: limited network knowledge will
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always hamper trip planning.
Assume that clients like Hillary know the street network, but have limited knowl-

edge of the actual traffic and ride opportunities. In this case, a client can decide to
stick to the shortest distance route, or one of them if there are several, and look for
transport along only this route. This wayfinding strategy is conceptually related to
the least-angle strategy: the selected route is the best approximation to the geodesic
line. In contrast to the least-angle strategy, the shortestroute strategy is not burdened
with the danger of running into dead-ends.

Applying this wayfinding strategy requires no route planningafter the initializa-
tion. The client’s and hosts’ devices only need to match sequences of street network
edges to find overlaps between demand and supply. This aspect makes the wayfind-
ing strategy computationally cheap. Furthermore, the information needs of the client
can be specified straightforward: they concern transportation along the edges of the
chosen route. Offers consist of subsets of these edges, attached with time stamps.
This means, with this strategy the message lengths are manageable (linear with the
length of the route), and the agents’ internal main memoriesare not burdened much,
only by strings and pattern matching.

The chosen wayfinding strategy is heuristic, which can lead to suboptimal results.
The shortest distance route is not necessarily the fastest overall. However, in this
paper we are only interested in the effects of different communication strategies, and
compare therefore the trips travelled by the clients with the trips the client would
make with exhaustive network knowledge. In contrast, a comparison with the overall
fastest route would assess the wayfinding strategy, which canbe done in future work.

4 Ad-hoc mobile geosensor networks for trip planning

In this section we consider the acting agents in the trip planning process as nodes in
an ad-hoc mobile geosensor network, and we introduce some relevant communica-
tion strategies from geosensor networks for shared-ride trip planning.

In our context, each sensor node runs a local agent which is either a transportation
client agent or host agent, and the collaborative task is trip planning. In a geosensor
network, clients can become their own trip planners. They communicate with nearby
transportation hosts to learn about currently available transportation means. They
select some of the hosts, book them, and travel with them. Clients are interested in
the fastest transportation to their destination, and hostsare interested in operating
at the full capacity of their vehicle. This means that hosts have an interest in having
satisfied clients, and that makes them support clients to find the fastest transportation.
Hence, a peer-to-peer network of autonomous agents can work.
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4.1 Local communication for trip planning in dynamic networks

One of the critical points in this novel approach is the communication effort between
clients and hosts. To determine an optimal shared-ride trip, a client needs to main-
tain information about all transportation hosts that are relevant to the planned trip. A
client might choose to wait for a host that is still far away, depending on its wayfind-
ing strategy, or to select and book such a host because it willserve a link somewhere
ahead. Thus, it has some advantages to disseminate a client’srequest throughout the
network. If this information is limited the found trip can beless than optimal.

However, since the network is highly dynamic, new hosts might appear in closer
proximity by entering the network, or by freeing up capacity. Additionally, in short
communication windows while using multi-hop links clientscan collect only spa-
tially limited knowledge of the transportation network. Thus, it seems more promis-
ing for clients to try to achieve partial trip planning with local knowledge, and to
update the trip planning in intervals in order to achieve an overall optimum for the
entire trip. Further reasons that support alocal solution of the shared-ride trip plan-
ning problem are:

• From a trip planning perspective, the probability is higher that nearby transporta-
tion hosts contribute to optimal (fastest) trips, because clients will wait less long
for them than for hosts far away (assuming that travel speedsare homogeneous).
Also, hosts that reach the client sooner will likely be selected by the client, be-
cause the network has not changed much since booking, and there might not be
much new evidence for changes in bookings.

• From a geosensor network perspective, energy is one of the scarce resources, and
the most energy-consuming activity of a node is using the wireless communica-
tion medium. Another scarce resource in the network is bandwidth, which is the
slightly more relevant bottleneck in this particular problem. For both reasons the
number of messages has to be minimized.

Hence, the question arises, by which ways and at which costs (in terms of increas-
ing travel time) the spread of messages can be focused and, thus, limited.

4.2 Communication strategies for ad-hoc shared-ride trip planning

Communication strategies are relevant for ad-hoc shared-ride trip planning. In our
scenario all transportation agents communicate with neighbouring agents in synchro-
nized communication windows. Within these communication windows negotiations
for trip planning and booking have to be accomplished.

In contrast to current sensor networks which employ typically a single hop per
communication window between parents and children nodes, in our case communi-
cation windows have to be long enough to allown hops,n being a large number
that does not effect trip search strategies. At the same timecommunication win-
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dows should be short enough to guarantee a stable network topology. As a rough
estimate, if urban traffic flows with 30km/h a window of two seconds would allow
nodes to move 16m. The two seconds will technically limitn, and movements are
small enough to not (much) change the network topology for a radio range of 100m.
We further assume that no message survives a communication window, i.e., with
the end of the communication window all for our purposes relevant communication
processes shall be completed, such that remaining open communication processes—
e.g., requests being broadcasted in farther regions of the transportation network—can
simply time out.

Also in comparison to the problems of information dissemination our problem is
different: it requires two-way communication. A negotiation process consists of three
steps: (i) the client sends a request into the network, (ii) the hosts having relevant
information return offers, and (iii) clients book the host with the optimal offer. Ne-
gotiation needs some kind of transactional protocol that makes clear to both clients
and hosts that they created a contract. Requests of clients form messages that are
addressed to everyone (no addressee in particular). Offersfrom hosts and booking
messages from clients, however, are directly addressed andare broadcasted using
the directed diffusion protocol (Intanagonwiwat et al. 2000), passing them through a
reinforced, preferred chain of communication hops betweenthe client and the host.
This path was established in the phase of the dissemination ofa request.

Hence the communication strategies for information dissemination (Section 2.3)
have to be replaced by slightly different ones. We will investigate the following com-
munication strategies:

(i) unconstrained (closest match to the flooding strategy). Within one communica-
tion window each node of a geosensor network broadcasts every message it re-
ceives if it did not forward this message already. Clients can expect to get offers
from all reachable hosts, and hence, they get the most complete knowledge of the
current transportation network.

(ii) short-range proximity (closest match to the location-constrained strategy). Client
requests are communicated only to agents within their radiorange (single-hop),
and offers and bookings are not forwarded either. The communication traffic in
the network is drastically reduced compared to the previousstrategy. Energy sav-
ings will be significant. However, the client reaches a much smaller number of
transportation agents, and hence, will find suboptimal offers only.

(iii) mid-range proximity (another match to the location-constrained strategy). Client
requests are passed on to a proximity defined by a number of hops. Compared to
short-range proximity the communication traffic is increased, but the hosts that
are reached are still in some proximity to the client. Thus therequests might reach
morerelevant hosts than the unconstrained communication strategy.
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5 Formalization and design of a simulation system

We are interested in the effect of information dissemination on the trip length us-
ing the described information dissemination and wayfinding strategies. Therefore,
we develop a formal model of a street network, clients, and hosts that can be imple-
mented for simulation purposes in this section.

The simulation happens in a regular gridded ‘street’ network. In this network all
hosts are moving with the same speed: one segment per cycle. After each cycle they
are located at (or allocated to) intersections, and a new negotiation between clients
and hosts takes place. Furthermore, the radio range is assumed to be limited to the
four-neighborhood of each intersection (± one row, or± one column of the street
grid).

5.1 The simulation in an example

Consider Figure 1 with clientC and hostsH1-H7. To model a negotiation process,
we first switch from the street network view (Figure 1) to a communication network
view (Figure 2). The communication network shows only the links between agents
that can directly communicate. In this case all agents belong to one connected sub-
network. On this graph a subset of edges forms a shortest pathtree rooted in the
client’s position (drawn in solid lines).

Figure 1. A client and seven hosts in a transportation network (snapshot).

On this communication network we can demonstrate the three phases of each ne-
gotiation: sending requests (r), sending offers (o), and sending booking messages
(b). The following demonstration applies the unconstrained communication strategy.
In the process we introduce a special protocol to direct messages.



Ad-hoc shared-ride trip planning 13

Figure 2. The network of connected agents (neighborhood graph) and a shortest path tree (solid edges).

5.1.1 Requests.The clientC ’s request is broadcasted through the paths shown in
Table 1. In this table, the agents that receive the request for the first time (i.e., on
the shortest communication path) are printed bold; the other agents are printed in
brackets. Only when agents receive a request for the first timethey broadcast it.
That means, in this situation each agent in the connected network broadcasts once.
In other words, with an unlimited communication strategy the number of broadcasts
of a request is equal to the number of agents in the client’s communication (sub-)-
network.

sender message receiver
C r 2
2 r 1, 5, 4, 3, 7, [C]
1 r [2], [5], [4], 6
5 r [2], [1], [4], [6]
4 r [2], [5], [1], [6]
3 r [2], [7], [6]
7 r [2], [3], [6]
6 r [1], [5], [4], [3], [7]

Table 1. Paths of request messages.

Furthermore, we introduce a message protocol that generatesa history of hops.
Each broadcasting agent attaches its name to the requestr (Table 2). In that way,
each recipient knows the shortest path back to the client sending the request. This
information can be exploited for sending the offer and booking messages.

5.1.2 Offers. Let us assume that some hosts will respond to a request by making an
offer. An offer, in contrast to an unaddressed request, is anaddressed message to a
specific recipient: the requesting client. The path of minimalnumber of broadcasts is
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agent received request forwarded request
C r, C
2 r, C r, C, 2
1 r, C, 2 r, C, 2, 1
5 r, C, 2 r, C, 2, 5
4 r, C, 2 r, C, 2, 4
3 r, C, 2 r, C, 2, 3
7 r, C, 2 r, C, 2, 7
6 r, C, 2, 1 r, C, 2, 1, 6

Table 2. The history of hops attached to each request.

the shortest path from offering host to requesting client, as described by the reversed
history of hops, which serves as an address. Only agents on this address list will
forward the message.

In our example hostsH6, H3, andH2 are going to make an offer toC (o6, o3, o2).
The set of broadcasts for these offers is shown in Table 3. In the table, the hosts in
parenthesis are receiving a message, but are not on the address list, and hence, do not
forward the offer. Clients do not forward offers addressed to them. In other words,
each offer causes a number of broadcasts equivalent to the length of the shortest path
branch between the offering host and requesting client.

sender message receiver
6 o6 (3), (7),1, (5), (4)
1 o6 [(5)], [(4)],2, [6]
2 o6 [1], [(5)], [(4)], (3), (7),C
3 o3 (7), (6),2
2 o3 (1), (5), (4), [3], [(7)],C
2 o2 (1), (5), (4), (3), (7),C

Table 3. The paths of the offers.

5.1.3 Bookings. The requesting client collects all offers, and selects the optimal
one(s). This choice has to be booked with the offering host(s). In our example client
C is going to accept an offero3 from hostH3. The set of broadcasts for the booking
messageb3 is listed in Table 4. The table shows that each booking causes anumber
of broadcasts again equivalent to the length of the shortestpath branch between the
client and the offering host.

Client C would also like to cancel a previous booking with hostH7 (cancellation
messagec7). Note thatC currently has offers only fromH6, H3, andH2 in hand,
and hence, does not know whereH7 is. HostH7 may even be disconnected (it is
connected in our example). Because cancellation messages cannot be guaranteed to
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sender message receiver
C b3 2
2 b3 (1), (5), (4),3, (7), [C]

Table 4. The paths of the booking messages.

reach their addressee, an alternative way of cancelling is used: previous bookings, if
not confirmed in this negotiation process, will time out automatically before the next
negotiation cycle.

5.2 Specification of the negotiation simulation

The example discussed above gives reason for the following specification of an al-
gorithm. Two measures emerge in the example as critical:

• The number of agents in the client’s communication (sub-)network (for the broad-
casts of requests). The communication (sub-)network can be constructed by a
neighborhood graph of all agents (Figure 2).

• The lengths of shortest path branches (number of edges) between the client and any
connected host in the client’s communication (sub-)network (for the broadcasts
of offers and bookings). The shortest path tree can be computed with Dijkstra’s
algorithm (Dijkstra 1959), using the client as source node.

With these measures the simulation algorithm becomes straight forward (Figure
3). Of particular interest are the lines where the counter for the number of broadcasts
of messages is increased (no of messages). The counter is set first to the number
of connected agents since all agents broadcast a request (line 7). Subsequently, the
counter is increased by the lengths of shortest path tree branches of offering hosts
since an offer is broadcasted by all agents along the shortest path tree branch from
host to client (line 11). Finally, the counter is increased bythe same amount of broad-
casts for the booking of a host by the client (line 14).

After each negotiation process the agents travel accordingto their current trip
plans. The clientC moves only when he has found a ride. After each travel phase a
new negotiation process starts, until the client reaches the final destination.

So far, the simulation applied the unconstrained communication strategy. But the
same simulation can be applied with spatially constrained communication strategies
as well, being called with a parameterm specifying the radius of the communication
neighbourhood. Ifm = 1 the simulation realizes the short-range strategy, and ifm is
larger the simulation realizes a mid-range strategy. The unconstrained strategy can be
considered as the special case ofm = ∞. The parameterm can be part of the request
message. Each agent receiving such a request determines the number of the previous
hopsp (lengthp of the history of hops), and forwards the request only as longas
p < m. The rest of the simulation behaviour (offers, bookings and cancellations)
remains unchanged. With other words, all that it needs is to cut the shortest path tree
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Figure 3. The algorithm to count the number of messages in a negotiation cycle.

at levelm. The rest of the algorithm remains unchanged.

5.3 Specification of the simulation system

The algorithm of Figure 3 is the kernel of a loop in a bigger simulation of a client’s
trip planning and travelling process. This planning and travelling takes place in a
gridded world of predefined size. The route of the client agent is located in the central
part of the grid to avoid boundary effects in the simulation.The variables in this
process are:

(i) the transportation demandD, defined by a booking probability of the hosts,
(ii) the transportation supplyS, defined by the number of hosts and the lengths of

their routes,
(iii) the communication strategyC: unconstrained, short-range, or mid-range.

Each simulation creates a number of hosts with randomly chosen routes of constant
length, which realizes a typical random walk mobility model(Camp et al. 2002).
In each travelling phase, some hosts reach their destination, and new ones are con-
structed. Hence, transportation supply is constant, and there is some degree of sur-
prise for every negotiation process.

Between travelling phases the simulation manages three sequential processes.
First, new hosts are created for the ones that have just reached their destination.
Secondly, for all segments which are not currently booked by our clientC the ran-
dom bookings of all hosts are revised applying randomly the booking probability.
And finally, negotiations between clients and hosts take place.
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6 Simulation results

The simulation was implemented in Java, and then observed forvarying simulation
parameters. In the simulation, two characteristics are observed: the total number of
messages, and the number of time intervals the clientC is travelling. The reported
results are average values for large numbers of simulations.

The first insight is demonstrated in Fig. 4. It shows the variation in the number of
hosts, and the consequences on the probability of getting a ride. For this experiment,
the world consists of a10 × 10 street grid, the client’s route is of length 5, and the
unconstrained communication strategy is applied. The higher the host density be-
comes the shorter the trips. The relationship goes asymptotically to the (topological)
trip length since ideally there are always hosts that offer aride for the next street
segment. Competition by other clients is neglected here; itwould increase average
trip lengths but not change the general behaviour.

Figure 4. The average trip length decreases when the number ofhosts increases.

For the other reported results, additional parameters are set. Competition for seats
is introduced by a chance of a host being booked of 33%, and theradiusm of the
mid-range communication strategy is set to 3.

The next step to investigate is the quality of the found trips depending on the cho-
sen communication strategy. Figure 5 shows three curves, onefor each communica-
tion strategy. All curves behave similarly to the previous relationship: they go asymp-
totically to the (topological) trip length. However, the short-range communication
strategy does not come down as fast as the other two. For example, with 144 hosts
the client needs on average 53 cycles to reach its destination with the short-range
communication strategy, but only 32 with mid-range and 31 with the unconstrained
communication strategy. The short-term communication strategy is significantly less
effective.

The last question to be investigated concerns the number of messages sent by the
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Figure 5. The average travel time depending on the communication strategy, for various host densities.

different communication strategies. Figure 6 shows the steep increase of messages
created by an unconstrained communication strategy. This strategy is by far the least
efficient, and this effect is the stronger the higher the host density. For 144 hosts
the unconstrained communication strategy produces on average 3598 messages, the
mid-range strategy 773, and the short-range strategy only 80.

Figure 6. The number of messages exchanged with the three communication strategies, for different host densities.
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7 Conclusions

Shared-ride trip planning can be accomplished by the availability of an ad-hoc mobile
geosensor networks. In this paper, we demonstrated by simulation that this solution
is effective and efficient. It is most effective with an unconstrained communication
strategy, but this strategy is inefficient from an energy and bandwidth standpoint
with regard to the overall network. The unconstrained communication strategy is
also not feasible in (necessarily) short communication windows, which limits the
number of hops of messages. Hence, evidence for the hypothesis has to be found in
the other two communication strategies. The short-range communication strategy is
most efficient, but least effective. In this situation mid-range communication strategy
appears as a compromise with still good effectiveness (on average 2% longer trips
than with unconstrained, but 31% shorter trips than with short-range) and acceptable
efficiency (on average 10 times more messages than with short-range, increasing
with the density of hosts).

The results relate to a specific wayfinding strategy. It can be expected that for other
wayfinding strategies the results will be in principle the same since the relationship
between nearness and relevant offers holds universally.

In future work we will investigate the following open questions.

(i) In this paper, we have chosen an inflexible trip planning strategy. Strictly follow-
ing the shortest distance route might result in longer trip times in many contexts.
In real networks the shortest distance route is not necessarily the fastest, e.g.,
when the network is hierarchic. One extension of this paper is investigating dif-
ferent trip planning strategies with flexible route choice.

(ii) In this paper, we have not observed or optimized the number of transfers during
the trips, being interested only in travel time. However, the cost function to be
optimized, in the present paper shortest trip, can simply bereplaced by least
transfers without changing the formal framework. An interesting question is to
find an adjusted optimum between travel time and travel convenience.

(iii) In this paper, we assumed for random booking an equal probability distribu-
tion, which is a sufficient first approximation. But a consequence of conservative
booking is an unequal booking distribution over the time intervals ahead. Thus,
with conservative booking there are less hosts available for mid-range planning.
Clients will find this counterproductive, and might restrictthemselves to less
greedy booking strategies for a common benefit. Investigating rigidly the con-
sequences of conservative booking, and comparing it with the effects of other
booking strategies, is an interesting question for the future.

(iv) One assumption in our simulation is equal travel speed of all transportation hosts.
In real urban traffic this might be a sufficient first approximation. However, con-
sidering different modes of transportation, and includingthem in our dynamic
network, requires a relaxation of this condition. A first, andcomparatively sim-
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ple extension of our simulation, would allow client agents to walk, at least single
segments to bridge small gaps in the transportation network.

(v) In this paper we consequently considered updating as an active search process of
the client agents. A central service would prefer an event-triggered messaging,
reducing the planning tasks to times when needed. This passive process can be
investigated for geosensor networks as well. Controlling the revision of trip plans
by events (Worboys and Hornsby 2004) means that client agents act only when
they approach a gap in their bookings, or when a new host appears in their field
of observation. And hosts act if they enter the traffic, or if they find bookings
dissolved.

The final goal of shared-ride trip planning in dynamic networksare services sup-
porting our daily life. Related issues, like social, economic, or privacy issues, need
to be investigated next for that purpose.

• Social issues relate to the culturally and individually varying willingness or com-
fort to give or take a ride. In the cultures we are aware of it atleast means a change
of behaviour. Also, participating in the service has to be safe for both involved
parties, clients and hosts, which could be reached by a central registration not of
all the bookings, but of the rides that happened.

• Economic issues relate to the costs and benefits of such services. Clients like
Hillary have a direct benefit from such a service, so clients could be willing to
pay for it. But hosts need incentives to stimulate their motivation. While public
transport and taxis have fare policies established, private car drivers could for ex-
ample collect miles that they can spend on faster road lanes,or that reduce road
tolls. In a more rigid environment, car drivers could be legally forced to offer rides,
for example for being allowed to drive a car in rush hours.

• Privacy issues relate to the published and spreading information of the clients’
travel intentions. The issues relate less to the trip plans ofthe transportation hosts
since they communicate directly to an addressee and hence can use encryption.
Only the addressee (the client) has to be trusted, but the client sees only the overlap
of their routes, not the route (or start, or destination) of the host.
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