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ABSTRACT: Maintenance measures at infrastructural buildings such as bridges or tunnels in urban areas always have 

influence on the traffic flow. Finding a schedule that keeps this impact as low as possible by considering the mutual 

interaction between several road closures is a highly complex optimization problem. In a current research project we 

have developed an optimization tool to solve this problem based on ant colony optimization. 

Over a number of iterations teams of ants construct maintenance schedules for the next few years based on information 

about the quality of the schedules found in the last iteration steps as well as general information about the condition of 

the different bridges. The quality of the found schedules is evaluated in the external traffic simulator VISUM. For each 

year of the schedule a disturbed road network (with reduced capacity at the roads containing bridges under 

maintenance) is created from the original network and evaluated. As traffic demand and its temporal distribution stay 

the same for the disturbed network as for the undisturbed, the total net number of vehicle hours during rush hour is a 

good measurement of the impact of the maintenance activities on traffic. The optimization goal is to minimize this 

number for the worst year in the schedule. 
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1. INTRODUCTION 

Traditionally the planning of maintenance measures in 

a large stock of infrastructural buildings is done 

manually. The building manager has to consider 

numerous constraints. So some of them can, if at all, 

only be considered marginally. 

For example, the steadying of the budget flow, which 

will reduce the administrative effort a great deal, can 

not be considered in this approach. Also the impact on 

traffic flow that occurs due to capacity reductions on 

the roads at construction sites can only be considered in 

a very simplified way. The benefit of postponing one 

maintenance site to avoid the simultaneous closure of 

two streets can also not be evaluated. 

In this paper we introduce a method to find 

maintenance schedules for the next few years that are 

able to fulfil the given constraints at the same time 

minimizing the impact on traffic flow. 

 

2. DEFINITION OF THE PROBLEM 

One major task in finding an optimal maintenance 

schedule is to minimize the impact on the traffic flow. 

This can be measured by comparing the undisturbed 

road net to the net with (partially) closed links, and 

computing the time spent inside the net by all vehicles 

in both cases. 

Apart from this the schedule is subject to several 

constraints: 

First of all there is a security constraint: all bridges 

have to be maintained before they reach a state where 

security can no longer be guaranteed, i.e. the bridge is 

likely to collapse. This constraint is obvious as safety 

concerns are the reason why maintenance is done after 

all. 

Besides this there are a number of additional 

constraints, though, some of them set by the public, 

some by the building manager himself, e.g. those 

resulting from monetary considerations. 

So the public has an interest that a free flow of traffic is 

guaranteed all the time, i.e. a possible detour is not 

blocked by setting up a parallel work zone. Also the 

blocking of arterial roads and urban freeways should be 

minimized by doing maintenance on all buildings 

belonging to one of them at the same time as much as 

possible. 



The building manager has an interest in minimizing the 

costs of the single work zones. This can be realized by 

using synergies with third parties also in need of setting 

up work zones, e.g. public transport firms having to 

maintain their streetcar net. 

Another constraint set by the building manager may be 

to keep the amount of money spent each year as 

constant as possible. 

In addition to these named objectives and constraints 

there may be several others depending on the 

individual customs and needs of the building manager. 

As not all of them can be modelled in the optimization 

problem, the optimization tool should provide a 

number of possible solutions for the manager to choose 

from. 

 

3. APROACH 

 

3.1 ANT COLONY OPTIMIZATION 

As there is no known algorithm for finding an exact 

solution for the described problem in reasonable time it 

has to be solved approximately, e.g. by meta-heuristics. 

We use ant colony optimization (ACO) to construct the 

schedules, as ACO has performed very well with 

similar problems (e.g. [1]). 

ACO is a constructive meta-heuristic developed by 

Dorigo [2]. Its idea is inspired by the ability of natural 

ants to find the shortest way between their nest and a 

food source. Ants deposit while walking a chemical 

stuff called pheromone on their way and orient 

themselves on traces of pheromone. This positive 

feedback leads over time to almost all ants using the 

same path (cf. [3]; [4]). 

The basic principle of ACO is that each ant in a colony 

constructs a possible solution for the problem. These 

solutions are then evaluated with respect to the 

objective function. According to the achieved quality, 

pheromone is deposited on all elements belonging to 

this solution. The next generation of ants will now 

navigate using the amount of pheromone on the 

different elements to construct new solutions. 

The first problem on which ACO was applied was the 

Traveling Salesman Problem (TSP, [2]). Since then 

several dialects of ACO have been developed and 

applied to many other theoretical problems, for 

instance, the bi-criteria TSP [5], the Vehicle Routing 

Problem [6], [7],[8] and the Quadratic Assignment 

Problem [9]. Later it was also used in real world 

problems, as Timetabling Problems [10], Construction 

Site Planning [11], Irrigation Problems [12] and 

Scheduling Problems [13], [14]; [15], [16]. For an 

overview see [3]. 

 

3.2 OBEJECTIVE FUNCTION 

For an objective we use the minimization of the impact 

on traffic flow. To evaluate this we couple our 

optimization algorithm with the traffic simulator 

VISUM by PTV [17]. 

VISUM is a mesoscopic traffic simulator. The traffic 

demand is modelled from demographic data regarding 

the different behaviours of different population groups 

by choosing their destinations and the time of the day 

for their travel, In contrast to this microscopic approach 

the traffic itself is modelled macroscopically as a flow 

thus enabling one to compute a scenario in a few 

seconds. 

For each year of each schedule a disturbed traffic 

network is created by reducing the capacity of those 

streets that contain a bridge under maintenance for this 

year. 

As the undisturbed net is the same for all scenarios, 

only those networks with reduced capacities have to be 

evaluated. For each scenario the total vehicle time 

inside the network during rush hour is computed. The 

highest value for this indicator in all investigated years 

is used as the quality measure for the schedule. 

The optimization goal is to minimize the total vehicle 

time for the schedule’s worst year while satisfying the 

safety and budget constraints. 

 

3.3 PROBLEM MODEL 

In order to apply ACO, the investigated problem must 

be modelled as a way-finding problem. We map the 

maintenance scheduling problem to a way-finding 

problem by introducing a directed layered graph, where 

each layer corresponds to a certain year and each node 

in a layer represents one of the bridges (see Fig. 1). The 

nodes of a layer are fully connected to the following 

layer. An ant constructs a schedule by finding a route 

through the graph – a visited graph node then 



corresponds to the maintenance of the respective bridge 

in the respective year. 

 
Fig. 1 Problem for schedule for five years modeled 

as a graph 

 

This can be visualized by a matrix, where the columns 

are the considered years and the rows are all bridges 

under examination as shown in Fig. 2. 

 
Fig. 2 Problem for 10 bridges and a schedule for five 

years modeled as a matrix 

 

When constructing a schedule an ant will move 

through this matrix from left to right, for each year 

choosing one of the bridges. 

Following Lee [1] we do not use single ants but teams 

of ants to model the parallel maintenance of several 

bridges. All the ants in one team walk in parallel 

through the matrix while each of them chooses its own 

bridge. Ants from the same team are not allowed to 

choose the same bridge in the same year. 

3.4 ELITIST ANT SYSTEM 

We have implemented two different dialects of ACO to 

test their performance in solving the maintenance 

scheduling problem, Elitist Ant System (EAS) and 

Rank Based Ant System (ASrank). 

EAS was developed by Dorigo in 1992 [2] (compare 

also [3]) to overcome the problem, that classical Ant 

System (AS) does not always converge to the best 

solution, that was found during the run. 

The basic idea of AS and EAS applied to our problem 

is, that the artificial ants probabilistically construct the 

schedule, year after year. The probability of an ant 

standing in year i-1 choosing the bridge j in the year i 

is  
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where τij is the amount of pheromone deposited on 

bridge j for the year i, ηij is some heuristic information 

concerning this bridge and α and β are parameters for 

tuning the respective influence of τ and η. 

In traditional AS ηij contains information on the benefit 

of the choice with respect to the objective function. But 

as in our problem the benefit of the choice of one 

single bridge can not be estimated, we make different 

use of the heuristic information: We set the value of ηij 

the higher the worse the condition of bridge j in year i. 

Thus we can guide our algorithm to find solutions that 

are more likely to fulfil the security constraint. 

As we use ant teams and not single ants as in 

traditional AS, we have to introduce the additional rule 

that ants of the same team are not allowed to choose 

the same bridge in the same year. In all other matters 

the ant teams follow the same rules as single ants. 

After all ant teams are finished with constructing a 

schedule, the quality of the found solutions is evaluated 

using the traffic simulator as described in Section 3.2. 

Then the pheromone is updated as follows: 
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The first term of equation (2) is to allow the algorithm 

to forget about bad solutions. The amount of 

pheromone on all bridges for all years is decreased for 

a factor ρ with 0 < ρ ≤ 1 [3]. 



Then for all ant teams k the bridges that belong to their 

schedules the amount of pheromone is increased by 

∆τij
k. This value is computed from the quality of the 

solution found by team k. Following [3] we take ∆τij
k
 as 

the inverse of the total vehicle travel time in the worst 

year of the schedule k. 

The last term of (2) makes the AS an EAS. The best 

solution that has been found so far by the algorithm is 

stored in an additional ant (team), the so called Elitist 

Ant. This ant deposits additonal pheromone, even if it 

is not part of the solutions found in the current 

generation, following the rules described above. To 

give the Elitist Ant even more influence, the amount of 

pheromone deposited by it is multiplied by a factor e. 

By not allowing the Elitist Ant to be an infeasible 

solution, we further guide the algorithm away from 

infeasible regions, i.e. schedules where either the safety 

or the budget constraint is not fulfilled. 

 

3.5 RANK BASED ANT SYSTEM 

The ASrank is another dialect of ACO. It was developed 

by Bullnheimer et al. [18]. 

The construction of the schedules is done analogously 

to the EAS. The difference lies in the pheromone 

deposition: In ASrank only the w minus 1 best ants of 

each generation and the Elitist Ant are allowed to 

deposit pheromone. The amount of pheromone 

deposited by ant k here also does not depend on the 

absolute quality of its schedule, but also on the rank r 

that ant k has in this generation. Thus the pheromone 

update follows the equation: 
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As in EAS we allow no infeasible solution to become 

the Elitist Ant to avoid settling the algorithm on an 

infeasible local optimum as final solution. 

 

4. EXPERIMENTAL RESULTS 

Both, EAS and ASrank, have been tested on the traffic 

network shown in Fig. 3. 

 

Fig. 3 Traffic network for test runs 

 

This network consists of 100 streets, each of them is 

assumed to contain a bridge whose maintenance is due 

in the next 15 years. 10 bridges can be maintained each 

year. Maintenance reduces the capacity of a street by 

50%. The schedules shall be designed for the next 5 

years. 

Fig. 4 shows the results of each 10 test runs for EAS 

and ASrank respectively with ρ = 0.4, 0.5 and 0.6. The 

impact on traffic is measured in vehicle seconds. All 

runs were performed with 20 ant teams and α=1 and 

β=2. 

 
Fig. 4 Results of 10 runs at a time with different 

settings 

 

It can be seen that the results of EAS and ASrank are 

much alike. Both are able to find good results, but in 

some runs they get stuck in local optima, that are far 

from good (over 6,000,000 vehicle seconds in contrast 

to good solutions of about 5,900,000 vehicle seconds. 



That is a difference of about 30h). This tendency can 

be reduced by choosing a low evaporation factor ρ. 

Nevertheless it is shown that both EAS and ASrank are 

able to handle this highly complex, non-linear problem 

and can find good solutions to it. The tendency of 

getting stuck to far from optimal local optima can be 

further reduced by choosing different parameter 

settings, e.g. by increasing the number of ant teams or 

choosing different values for α and β. 

 

5. CONCLUSIONS AND FUTURE WORKS 

Different dialects of ACO can be used to solve the 

highly complex problem of finding good schedules for 

the maintenance of bridges in urban networks under 

consideration of traffic flow. 

First test runs show promising results, though further 

parameter studies are necessary to guarantee that the 

algorithm will always find good solutions or even the 

global optimum. 

Up till now, only the impact on the traffic as an 

optimization goal and security and budget constraints 

have been considered in the algorithm. Future 

implementations will also try to consider additional 

optimization goals, e.g. trying to utilize as many third 

party synergies as possible, thus making the problem a 

multi-objective optimization problem. 
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