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Abstract. This paper presents a new instance of the Vehicle Routing Problem

with Time Windows (VRPTW) with regard to traffic forecasting and traffic con-

gestion probabilities (VRPTWTP). Traffic prognosis is integrated by calculating

time-dependent journey times, which rely on both the prognosis data for the an-

ticipated traffic demand of the roadsection considered at a certain time and the

probability of the occurrence of a traffic congestion. While computing tractability

of the Mixed-Integer-Program increases, significant improvements regarding deliv-

ery accuracy and vehicle utilization can be obtained. This research was achieved

within the project OVID, launched by the German Ministry of Research and Ed-

ucation.

1. Introduction

Complex transportation networks in logistics make a high reliability of all involved partners

necessary. Even the delay of one single supplier may have severe consequences for all

processes which depend on this single supply. All just-in-time processes depend on high

punctuality of arriving transports. The delay of one single delivery could lead to the stop

of a whole assembly line in the worst case scenario [7]. Therefore, a delay which exceeds

a given service level buffer could cause a high financial effort to compensate the damage

caused. Although high reliability of journey times is valued by all partners in a transport

network or supply chain [2], no analytical approach is known to the authors to consider

this variability in vehicle routing algorithms so far. The known instances of the VRP do

not consider varying journey times due to a changing traffic demand, but assume average

values for the expected journey velocity. These values may vary with the type of street

infrastructure, yet they are static. The effects of this inexact modelling will lead to delays

during times of a high traffic demand. In reality these effects are reduced by adding flat

buffer times on the calculated transport times. This is done manually and is based on rules

of thumb which show a great lack of accuracy. Hence the need of a quantitative approach

to this problem is obvious.
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2. Consideration of traffic prognosis

Using the variables N as the total number of vehicles counted, T as a time interval (in

hours) and L as the length of the respective street segment (in metres), according to [5],

the following parameters describe the traffic state on roads:

The traffic flow q measures the number of vehicles which pass a static measuring point

during a given time interval,

q =
N

T
. (1)

The traffic density k measures the number of vehicles which are located on a given road

section of known length at a static point in time, that is

k =
N

L
. (2)

The traffic demand describes the number of vehicles which will arrive during a defined

time interval at the road section observed. This parameter does not imply that the existing

infrastructure is sufficient to handle the arriving vehicles. Hence, a traffic congestion can

be described as a state with a very high value of traffic density and traffic flow tending to

zero. [3] and [4] examined empirical traffic data and identified four different traffic phases:

(1) Free flow - Free flow phases show high values for both the average speed and the

variance of speed.

(2) Synchronized flow - Due to a much higher traffic demand than in free flow phases

each individual has to follow its predecessor on the road. This traffic phase is called

meta-stable.

(3) Stagnant flow - As the gaps between the vehicles are lessened, the traffic density

grows. At the same time the traffic flow diminishes due to the slow moving traffic.

(4) Traffic congestion - Identified by very high numbers for the parameter traffic density

(close to the capacity limit) and very low values for the traffic flow. Non-moving

traffic.

[9] showed that the average speed declines continuously at growing rates of the traffic

density. The interrelationship between the average speed and the traffic flow (figure 1)

is not unique. The graph representing this relationship is u-shaped and is therefore not

differentiable: Low values of traffic flow can result out of a low traffic demand in free flow

phases. In this case, all vehicles drive at their individual speed which is in average around

125 km/h (for privat vehicles). Furthermore, low values of traffic flow can also result out of

slow moving traffic during phases of stagnant flow. In this case a speed below 25 km/h is

measured. Therefore it is impossible to imply the journey speed out of values of the traffic

flow without additional pieces of information.

The research of phases of traffic breakdown by [1], state that if the traffic flow q reaches

values close to the capacity qmax it is most likely that a so called capacity drop occurs. The

resulting graph shows a clear dichotomy: One part of the graph shows relatively constant

values in the range [60 km/h ; 90 km/h] presenting the free and synchronized traffic phases
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Figure 1. Dichotomy of the traffic flow caused by the capacity drop [1]

before the capacity drop in velocity takes place. The other part of the graph depicts the

stagnant flow phase after the capacity drop in which velocities below 40 km/h are measured.

There are absolutely no values measured for velocities in the range [40 km/h ; 60 km/h] as

these values do only occur during a traffic breakdown process. If the values of the capacity

which depend on the number of lanes, the width of the lanes, the rate of heavy trucks, the

possible existence of speed limits or possible roadblocks are known, then a value of the

expected average journey speed depending on the traffic demand can be predicted. Together

with empirical studies on accident probabilities on certain roads, the journey speeds can

be extended or reduced furthermore. These journey speeds then can be transformed into

expected journey times, which represent much more realistic journey times, than those

solely dependend on traffic demand. For a complete description of all processing steps

needed see [6].

3. A Model for the vehicle routing problem with time windows and

traffic prognosis (VRPTWTP)

By modelling an instance of the Vehicle Routing Problem with Time Windows (VRPTW)

the instance described by [8] was extended by traffic prognosis data to create the VRPTWTP.

For extending the VRPTW with time-dependent journey times the network was expanded

by a node set which included all locations where the traffic state could change. Therefore all

intersections, where the traffic demands on the various outgoing routes significantly change

and all places where the number of lanes changes or where speed limits begin or end, were

modelled by a node. The traffic demand data was calculated by the VISUM suite (VISUM

is distributed by ptv AG, Karlsruhe; for further information refer to http://www.ptv.de). For

the traffic corridor between the cities of Mannheim and Karlsruhe in Southwest Germany

the node set generated contained 1.980 nodes for modelling 3 parallel leading motorways
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and several county and local roads. Due to this modelling three types of nodes had to

be distinguished: depot nodes, customer nodes and network nodes. The time intervals

between which the traffic demand changed were chosen to be 60 minutes. This leads to a

time-dependent curve with hourly changing intervals. The following variables need to be

declared:

xi jkT indicating flow between nodes i and j by vehicle k in time interval T

ci jT journey time during time interval T between nodes i and j

wik begin time of service at customer i by vehicle k

si service time at customer i. For all networks nodes si = 0

[ai, bi] time window of customer i

di demand of customer i

C maximum capacity of all vehicles k

K set of vehicles

B, E begin and end of planning horizon

M an arbitrary large number

lbT , ubT lower and upper bounds of time interval T

TI set of time intervals

NB
, NE
, NC beginnode, endnode, set of customernodes

N−B/E set of all nodes without begin and endnode

N, N− set of all nodes, set of all network nodes

(VRPTWTP) min
∑

i, j∈N

∑

k∈K

∑

T∈TI

ci jT xi jkT (3)

subject to:

∑

j∈N

∑

T∈TI

xi jkT = 1, ∀ i ∈ NB
, k ∈ K (4)

∑

i∈N

∑

T∈TI

xi jkT = 1, ∀ j ∈ NE
, k ∈ K (5)

∑

i∈N

∑

k∈K

∑

T∈TI

xi jkT = 1, ∀ j ∈ NC (6)

B ≤ wik ≤ E, ∀ i ∈ N, k ∈ K (7)

ï'·x jikT ≤ (1 − xi jkT ) · M, ∀ i, j ∈ N−, k ∈ K,T ∈ TI (8)∑

i∈N

∑

T∈TI

xihkT −
∑

j∈N

∑

T∈TI

xh jk = 0, ∀ k ∈ K, h ∈ N−A/B (9)

wik + si +
∑

T∈TI

(ci jT · xi jkT ) − w jk

≤ (1 −
∑

T∈TI

xi jkT ) · M, ∀ i, j ∈ N−B/E
, k ∈ K (10)

wik ≥ lbT , ∀ i, j ∈ N, k ∈ K (11)



784 M. Stickel et al.

wik ≤ ubT , ∀ i, j ∈ N, k ∈ K (12)

ai(
∑

j∈N

∑

T∈TI

xi jkT ) ≤ wik ≤ bi(
∑

j∈N

∑

T∈TI

xi jkT ), ∀ i ∈ N, k ∈ K (13)

∑

i∈N

di

∑

j∈N

xi jkT ≤ C, ∀ i ∈ N, k ∈ K (14)

xi jkT ∈ {0, 1}, ∀ i, j ∈ N, k ∈ K,T ∈ TI (15)

The objective function minimizes the total cost (3). It is assumed that the costs ci jT are

directly proportional to the journey time. (4) and (5) define the start resp. end of each tour

at a depot node. That every customer is assgined to one vehicle is assured by (6), while the

maximum duration of a tour is stated in (7). (8-9) ensure that each node is left by vehicle

k after a visit and that this vehicle doesn’t drive in circles. By (10-12) it is ensured that all

time restrictions are satisfied. The time window [ai, bi], during which a customer has to be

served is defined by (13). Finally, (14) ensures that all customers demand is satisfied.

4. Results of the Implementation

To calculate the optimal solution the problem was programmed in the Optimization Pro-

gramming Language (OPL) in order to solve it with ILOG OPL Studio (For further infor-

mation refer to http://www.ilog.com). OPL Studio transforms all constraints into a mixed

integer program which is solved by CPLEX, using a ”Branch-and-Bound”-algorithm.
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Figure 2. Temporal behaviour of traffic flow measured in percent of the total traffic

flow during a day

Due to the high amount of data necessary, the test runs were restricted to a period of

4 and 6 hours including the rush hour traffic in the morning and time intervals with a

much lower traffic demand before noon (figure 2). Especially the time intervals during the

night were not considered since the traffic demand during this time of the day is far below

capacity limits and therefore the journey times during this time period vary only slightly.

The results show that the model prefers to schedule stopovers at customers with a long

service time during time intervals with a high traffic demand and therefore high journey

times on most routes.
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Number of intervals 1 customer 2 customers 3 customers 4 customers

4 1,09 0,88 0,89 0,94

6 1,2 1,24 1,39 1,47

Table 1. Runtime distribution (in minutes)

However, the runs show as well, that the computing power (Opteron 2,8 GHz, 4 GB

RAM) for solving the test instances exactly was not sufficient for an instance covering the

whole network of 1980 nodes. Our test data only covered 100 nodes. For this rather small

network the optimal solutions could be found relatively fast (table 1). The network consists

of relatively short arcs, which offers the advantage that the journey times between every

two nodes were shorter than the duration of one time interval. Therefore the traffic flow

of precedent time intervals had not to be taken into account for calculating journey times.

Current efforts aim at thinning the network, in order to solve a geographically seen larger

network, while decreasing the amount of necessary nodes.

5. Outlook

The analysis of the variation in journey times showed that it is an important factor in

assessing the reliability of a routing problem instance. As the traffic volume is expected to

rise within the next years the importance of considering traffic demand when forecasting

journey times will increase.

In this work traffic overload and congestion probabilities were preprocessed to calculate

expected journey times for very short route sections. Future research aims at aggregating

the data at a higher level in order to reduce the size of the large database that is required

for this model.

The presented model does not consider feedback loops which would occur if many

vehicles used the same traffic database by determining the fastest routing and provoked a

significantly different traffic demand on various routes.

Finally, by developing heuristical solving methods the optimality of the model would not

be proved, but the time for calculation would drop tremendously and therefore more practical

instances could be solved. Current research activities include a tabu search heuristic and a

genetic algorithm.

References

[1] W. Brilon and K. Lemke. Straßenquerschnitte in Tunneln. Technical report, Lehrstuhl

für Verkehrswesen, Ruhr-Universität, Bochum, 1999.

[2] A. Fowkes, P. Firmin, G. Tweddle, and A. Whiteing. How highly does the freight

transport industry value journey time reliability - and for what reasons? International

Journal of Logistics: Reasearch and Applications, 7(1):33 – 43, March 2004.



786 M. Stickel et al.

[3] Y. Kim and H. Keller. Zur Dynamik zwischen Verkehrszuständen im Fundamentaldia-
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