Artificial intelligence applied to transport rescheduling and optimisation.

James Cunha Werner
,a Tatiana Kalganovaa ,Terence C. Fogartyb 
aDepartment of Electronic & Computer Engineering, Brunel University

Uxbridge, Middlesex, UB8 3PH

bSCISM, South Bank University,103 Borough Road, London SE1 0AA

______________________________________________________________

Abstract

Transport services scheduling and rescheduling are viewed as an important component of the transportation planning and management process. This paper studies a decision making tool to optimise operational, tactic and strategic planning. Operational planning is carried out using a genetic algorithm (GA) and a transport simulator to optimise the scheduling and rescheduling after external event perturbation. We report experimental studies of this method which demonstrate that rescheduling can be achieved in a feasible time to solve external events in an operation using genetic algorithms. Strategic planning approaches are analysed using genetic programming (GP), to obtain an extra scheduling optimisation through adjustments of the routes to the real origin-destination matrix instead of predicted demand. 
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1. Introduction.

Maintaining a scheduled reliable transport service is a crucial task of adaptation to unexpected external events. The day-by-day service management deals with scheduling and rescheduling with periodic intervals of transport elements (such as trains, buses, etc). A well scheduled system provides regular transport and guarantees profits, service quality, and happy transport users. 
To achieve these objectives, there are three different problem areas to be resolved at different times: strategic, tactic, and operational planning.
The solution we analysed was highly portable for each type of transport, changing parameters and constraints. All of them have a network (lane for buses, track for trains and the underground) that can be described through routes, that deals with a periodic service to transport people and that can be modelled through the time between transport elements. Safe conditions (such as a minimum distance) can be achieved dividing the route in segments.   

1.1 Strategic planning

The land use policy establishes how available areas in the city can be exploited, resulting in a transport demand. Such demand defines the necessary transport structure, such as bus, underground, train, etc. 

The demand defines how many people must be transported between two regions. The data is tabled as a matrix of origin/destination (called O/D matrix) that quantifies the transport demand between two regions.

Transport systems implemented in strategic planning (usually a long time before the real operational system is running) uses a forecasted demand and address obtaining funding support and defining long term policies for regional development.

The land use policy involves the citizens, the City Mayor, the boroughs representatives, who have different points-of-views and interests. For example, London’s new Mayor is developing and planning for the development of the City ([17]), and assigning areas that have development opportunities (27 areas) and areas for intensification (12 areas), where hundreds of people are participating in the process with different goals. 
There are several approaches to conciliate these expectations and studies about the impact in the transport system. An overview about Multimodal Urban Transportation of USA government can be found in UMTA ([22]) and Black ([3]).

Balling et al [2] used genetic algorithm to search for optimal future land use and transportation plans for Wasatch Front Metropolitan Region, which includes Salt Lake City (site of Winter Olympics, 2002). The main goals of the project were: minimize traffic congestion, provide adequate and affordable housing, preserve open spaces, minimize cost, minimize crime, maximize opportunity for economic development, minimize air pollution, minimize change, and provide adequate water and utilities. The major streets were divided into 60 transportation corridors. This approach produced a set of plans rather than a single optimum plan, and these plans are set before the decision makers who will go through the value-driven process of selecting the most suitable plan. 

Murray [19] shows how strategic analysis is evaluated using Geographical Information Systems (GIS), integrated with various spatial analytical technologies including a location covering model at Brisbane, Australia (2.1 million people). Bus transport parameters were studied to improve access to public transportation and stop placement to maximize coverage of public transport and sustainability.

Unfortunately, even 90% of the regional population is covered, the utilization of public transport is very low and the overall percentage of trips taken using public transport has steadily decreased in the past decade.

In fact, the efficiency of public transport is recognized as essential in that it must be more competitive with automobile travel times.  The amount spent in transport is a secondary concern for vehicles owners.
To achieve this goal, in this paper we discuss routes optimisations using the real O/D matrix to improve the transport system.
1.2 Tactic planning
For different periods, the transport system receives different loads of commuters. Usually, there is a peak hour in the morning 7:30-9:00, normal level during the day 9:00-17:00, peak hour in the evening 17:00-18:30, and low utilisation during the night 5:00-7:30/18:30-00:00. Weekdays, weekends, and holidays also present different behaviours. 

The transport system can be modelled as a periodic cycle of transport elements available in each line. The time between elements is defined as headway. For example, U3 bus line has 15 minutes headway, e.g., each 15 minutes one bus stops at the bus stop. The experimental results show that in order to reduce the passenger waiting time the headway should be constant [3].

The performance level is related with the transport element speed. It depends of the lane conditions, pathway, stress and demand to the driver, etc and usually assumes a cruise value (defined in this paper as 75% of the maximum velocity).

Several performance levels can be defined, e.g. 20% to platforms/stop points, 40-60% level 1, 60-80% level 2 (cruise), 80-100% level 3. 
The tactic planning for each transport type is run offline. For each characteristic time interval, the headway of each line is obtained to attend each period demand using a cruise performance level and the routes and transport means defined in Section 1.1. This is the optimal scheduling achieving the goals of the transport planner. The headway also defines the necessary fleet and crew for each route, shift planning, and transport element configurations (like size of trains, type of buses, etc).

In this paper we discuss how to apply genetic algorithms to obtain the tactic plan that can be applied for different scenarios.

1.3 Operational adaptation

During the day, there are several external events that introduce deviations from the original scheduled plan, generating the need of adaptation to the changing environment. The system searches for the value of performance level of each line to adapt the system to these events, keeping it in optimal operational condition. The adaptation must introduce few alterations in all transport system, been as local as possible without disturb all the system.
The management of perturbations (such as traffic) can be met with a layover time at the end of each trip, if there is a place to rest the transport element and available vehicles in the fleet. 

Cancelling some trips must be avoided due its negative impact with commuters. They used to associate cancelling to breaks, failure, bad management, and poor maintenance. The solution should resolve commuter expectations and anxieties, generated when the underground stops outside the station, to give a good service (defined not only by performance numbers but also by subjective feelings). 
To achieve these optimal objectives, it is necessary to use simulation tools and optimisation algorithms to define the operational parameters in each stage of the process.
Nowadays simulation techniques for transport become more manageable due to efficient algorithms and better implementation on faster computers ([1, 4, 5, 8, 12, 13, and 23]). The program reproduces the behaviour of the real system to be scheduled. Different trials are simulated to obtain the better possible solution. This development allows the use of Artificial Intelligence (AI) techniques to perform the optimisation, e.g., the search for the best set of parameters that result in the best operational solution.
In conclusion, the transport system challenges are to be competitive with automobile travel times and to attend the demand generated with the land use policy. This can be done obtaining optimal headways during the tactic planning using cruise performance level. External events can be managed through the adaptation of performance level. The personal experience in working with real transport systems shows that improvement of the transport efficiency can be done by the change of some routes using real origin-destination (O&D) matrix instead of forecast demand, and the available routes and segments of the available track.
This paper describes how to use artificial intelligence to improve transport systems. The approach is described in section 2, the simulation tools in section 3 and genetic algorithms applied to transport optimization in section 4. The integration between the simulator and the optimisation algorithm is shown in section 5 and the results in section 6. The contact with a real transport company is described in section 7 and its consequences in the software architecture. The paper finishes with an analysis of transport strategic planning in section 8 followed by summary and conclusions.

2. The approach.

The proposed decision making tool contains three modules (Fig. 1). Module 1 simulates the transport system allowing the study of different solution approaches and scenarios for the strategic, tactic and operational planning.  
Module 2 optimises the operational parameters increasing efficiency and reliability through the application of genetic algorithms. In tactic planning, Genetic Algorithms (GA) obtains the scheduling with periodic headways and cruise performance level. When some external events occur (operational planning) and compromise the scheduling, it executes a new optimisation using GA again to obtain the performance level to maintain the system under operation until the problem has been solved. It is a difficult task because several solutions must be evaluated under real time and little convergence time is available. To overcome this difficulty, a special recovering data structure is proposed in association with the simulation tool and genetic algorithms. 

Module 3 executes the strategic planning of the transport system using Genetic Programming to define the routes of the transport system with best efficiency, closing the loop of optimisation.

[image: image1]
Fig. 1 General overview of the proposed approach.
3. Simulation of distributed transport systems.

The simulation reproduces the real world system behaviour which deals with the internal dynamics, temporal evolution and spatial distribution. 
Spatial distribution introduces a delay between any control system action and the result over all system. A distributed system simulator needs to be fast, compact and reliable. Its output must forecast a long-time in advance consuming few time to be appropriate to apply in real time optimisation. To code an efficient structure for information retrieval, we define a structure which indirect pointers exploring the compiler access mechanism. Each structure element contains specific data (for example the characteristics of a segment, like size, maximum velocity, etc) and pointers to establish a relation with other entities (Figure 2). There are six entities: node, sector, segment, switch machine, route, and transport element.








Figure 2. Data modelling for distributed system simulation.

Nodes are stations where boarding/alighting occurs or connection points between route segments. The segment is a trajectory between two nodes. The segment is divided in pieces, called sectors, with the same constrains and physical characteristics. It is occupied by just one transport element. Between two sectors, there is a switch machine and/or signal to implement different strategies to solve real time events situations.

The route is an origin/destination trace that the transport element must follow. Transport element is the dynamic part of the system, with transfer the load between nodes following the route. The lines are the two directions of the routes with same start and end terminus.

The system operates according to the structure shown in Fig. 3. The “configuration initialisation” routine feeds the entities with initial values and specific information. The automatic generation of transport elements is defined by the headway and the performance level supplied by optimisation algorithm in each processing stage. The allocation procedure takes special care with conflict management dealing which transport element allocation in already occupied places. In this case, the next available position is set taking care with constrains conditions (routes, segments and sectors sequences).      

[image: image2]
Fig. 3 Primitive routines of the simulator.

The system update is the software core, which runs each cycle (e.g. 15 seconds) to update the simulation pointers structure and counters. “Transport Position update” changes the vehicle pointer in sector entity of each transport element “i” using the pointers of Fig. 2 to route, sector and segment. All net dynamic update is doing by physical properties of element and sector availability. When the next sector is busy, makes the transport element stop and the delay time counter is increased.   

The “Node load” (with passengers, commuters or commodities) depends only on feed rate, O&D matrix and transfer percentage between connections and executes the load of the nodes with commuters.  

“Transport flux” deals with transport element available capacity and route. It changes the amount of passengers available in the nodes. Each transport element updates this information using the pointers of Fig. 2 to nodes.
Using this approach, each primitive routine perform its function updating the information it obtain with mathematical equations or direct input, independently of the others routines.

The simulator generates two types of outputs in listing or Excel spreadsheet: a performance index and a temporal evolution of the transport elements. This output contains the transport element occupation of each route sector in time, and is a good result representation in practice. 
Dynamical graphical interface to show the simulation evolution during this stage has not been developed. This is due to the difficult in displaying all information available, in an effective way, to help the decision making with the computer screen resolution. For example, London Underground contains 12 lines, 271 stations (many of them shared with more than one line) and more than 500 transport elements running at the same time. 
4. Genetic Algorithms applied to transport optimisation.

Genetic algorithm (GA) is an optimisation algorithm which mimics the evolution and improvement of life through reproduction. Each individual contributes with its own genetic information to the building of new ones (offspring) adapted to the environment with higher chances of surviving. This is the basis of genetic algorithms and programming ([6, 10, 11, and 14]). Specialized Markov Chains underline the theoretical bases of this algorithm change of states and searching procedures. 

Each ‘individual’ of a generation represents a feasible solution to the problem. They code distinct algorithms/parameters to be evaluated by a fitness function.

GA operators are selection, mutation, crossover and reinsertion. They perform solution search in the solution space.
Selection is the operators which select the parents using some rule like a roulette wheel. Mutation executes the change of a randomly chosen part of the chromosome (0 to 1 or 1 to 0). Crossover exchanges randomly chosen slices between two chromosomes. While many algorithms correct the parameters using some function of error, GA assembles the optimal solution combining pieces from the parent chromosome with good fitness. 
Reinsertion operator assembles the next generation individuals, using the parents and/or the offspring. Elitism rules can be considered. For example, offspring only replace parents with worse fitness function values. 

The best individuals are continuously being selected, and crossover and mutation take place. Following a number of generations (Fig.4), the population converges to the optimal solution.

Genetic algorithms software library contains routines code in C ANSI. Individual chromosome length is 16 bit unsigned integer configurable in the program. The last and actual generation are keep for selection/reinsertion operations. Outputs are written in Excel XLS format direct from the program, to generate an accessible and functional Human-Computer Interface (HCI). 

[image: image3]
Fig. 4 Genetic algorithm: the sequence of operators and evaluation of each individual.

Chromosome representation.

The chromosome of the individual contains the binary representation of variables that describes one solution of the problem. In our problem the solution can be described as a set of headways. Headway represents in the chromosome the behaviour of one line. We adopt a binary representation with integer values because in real systems the actuator is connected to digital-to-analogic converter that works in integer representation. 
For example, if there are 4 lines to obtain the optimal headway, it will be necessary 4 headways (one for each line), and the chromosome should be represented as shown in Fig.5.
	Headway 1
	Headway 2
	Headway 3
	Headway 4

	1100
	1101
	1010
	1000


Fig. 5 Binary chromosome representation for a 4 lines example.

In this example “headway 1” is described by binary value I2=1100 and represents the decimal value I10=1 · 23+ 1 · 22=12. The number of bits n defines into how many values the headway interval will be divided. For example, if n=4 then there are 16 intervals. The minimum and maximum values of the variable range (headway) are defined by the user. For instance, headway range can vary between 30 seconds and 600 seconds (Hmin=30, Hmax=600).

Each of the headways can use n bits, and its real value R is defined in the range between [Hmin,Hmax]. To convert integer values I to real values R follow the relation:
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In this example, after some generations GA will obtain the set of headways that perform the best result for the transport system, using some performance index. 

The optimisation of the performance level follows the same structure, where their values are mapped in the chromosome.

Fitness function.

The performance evaluation of a given solution is obtained by the fitness function. 
Fitness function uses a definition of performance index to obtain a numeric value with represent how good the solution is. Usually, bigger fitness function means a better solution. 
For each individual it is necessary to evaluate its performance integrating the system models over a time interval. This shows the importance of the simulator in GA optimisation. Using the simulator it is not necessary to actuate in the real system with all individuals, but only with the best when the algorithms converges (the fitness stop to increase for a number of generations).
The fitness function F used in the simulation takes into account the total number of passengers on board and penalty the time waste in the platform and inside stopped transport elements:
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where V is the total number of transport elements, S is the total number of stations, NB,i is the total number of passengers of transport element “i”, NP,i is the total number of passengers waiting in station “i” platform, and Δi is the total delay of transport element “i”. 
The weights ( and ( normalise the contribution of the delay time in the transport elements and in the platform. After several trials to define their values, we obtained (=100 and (= -1.
The minimum headway is not the best solution, even if it increases the number of passengers, as it generates delays due the route being overcrowded by transport elements, which decreases the fitness value.
The chromosome can be evaluated according to any optimisation equation specified in problem requirements. 
Genetic algorithm concepts and implementation are structured in the diagram of Fig. 6. This diagram shows the operators in action for a population of 4 individuals. The first individual has been considered earlier in Fig. 5.
Genetic algorithm (GA) is an optimisation technique which works well with parameter adaptation of a fixed model. Constraints could be handled in the fitness function evaluation as a penalty factor, easy to implement. This approach allows the understanding of the solution because it contains the operational parameters of the system. 
The main advantages of this optimisation approach are that the population is spread around the solution space, and the GA can be implemented using parallel techniques. This enables a fast convergence when exogenous events occur and the optimal state moves into the solution space. A bottleneck of this approach is the necessity to evaluate several solutions, which can be solved using simulation techniques.

Step 0: Population initialization: a random number generator creates random chromosome for each individual.

	Population initialization


Step 1 : Parent selection. The best individuals available are selected.

	
	First population
	F (equation 2)

	
	1100110110101000
	3.481746

	
	0101010110110101
	3.668023

	==>
	1000010100110110
	6.261380

	==>
	1101011111001100
	12.864222


Step 2: Crossover. Pieces of chromosome are exchange between the chromosomes in a random position.

	11010
	11111001100
	    ------- \
	11010
	10100110110

	10000
	10100110110
	    ------- /
	10000
	11111001100


Step 3: Mutation. A random bit is exchanged (0 to 1 or 1 to 0).

	1101010100110110
	
	1000011111001100

	
	
	

	1111010100100110
	
	1000011111001100

	F = 8.044
	
	F = 6.092


Step 4: Reinsertion. The offspring replaces the worse individuals.

	
	second population
	F (equation 2)

	==>
	1111010100100110
	8.044

	==>
	1000011111001100
	6.092

	
	1000010100110110
	6.261380

	
	1101011111001100
	12.864222


Step 5: If the result doesn’t converge, go to step 1.

Fig. 6 GA operators applied to randomly generated initial population.

5. Integration of simulator and optimisation algorithms.

The integration of both simulator and optimisation is by interfaces. To execute the simulator, the chromosome is read to obtain the system configuration under analysis for each individual of the genetic population. The program loads the net with vehicles using the proposed set of headways, wait time in each node (usually predefined), and/or the performance level (a percentage of the maximum velocity).
This initial condition is then used by the simulator to evaluate the performance of the specific set of parameters. Finally, the fitness is evaluated using the simulated performance that is estimated as a function that contains the goals for the system for each different stage: minimum trip time, minimum passenger waiting time, etc or a complex performance function. 
6. Experimental results.

The purpose of these experiments is to test a basic software structure prototype. To explore any transport topology’s characteristics, linear, circular, and combination routes were selected. A very crowded scenario is applied to study the effects of external events in the framework. 
The purpose of experiment 1 is to study optimisation and rescheduling of a linear route and experiment 2 studies the circular line, both without trail sharing. The experiment 3 has been carried out in order to study the effect of sharing trail in scheduling and rescheduling. 
The data were based in the London underground configuration, and the data were assembled to represent a usual operational condition. Experiment 1 (one linear route) assembles part of Victoria Line. Experiment 2 (one circular line) assembles part of Circle Line and the third experiment part of Circle, District and Hammersmith & City lines (2 independent linear and one circular lines). The maximum speed is 50 miles/hour and the time distance between stations is 3 minutes. Data were estimated through observation during rush hours to obtain a scalable system which allows the analysis of conflicts between lines and its impact in the scheduling. Table 1 presents the initial trail configuration characteristics of each experiment.

Table 1. Initial trail configuration.

	Experiments
	Stations
	Segments
	Sectors
	Routes

	1. Linear
	5
	6
	31
	2

	2.Circular
	6
	16
	43
	2

	3.Combination
	14
	39
	91
	6


Usual genetic algorithms parameters are: the population of 50 individuals, which evolves for 30 generations. Usually crossover probability is 50% and mutation probability is 5%. The time horizon is 1.4 hours (5000 seconds) updating each 15 seconds (480 instants) covering the peak time.
The exogenous event produces the blocking of 2 segments in experiments 1 and 2 after 500 seconds of transport simulation. In experiment 3, one interdiction in a shared sector of circular and linear route was produced after 500 seconds. 

The algorithm found the solution after 22 generations, without any difficulty for experiment 3 - stage 3 expending few seconds (a good time for transport response times standards). 

Table 2 presents the total number of transported passengers and the delay it suffered due to a block sector for each stage of the software, for each experiment.
Stage 1: This stage optimises the headway for a given net without any exogenous event (nothing unusual happens). The performance level is 75% of the maximum velocity. GA chromosome contains the headway for each line, and this is the initial scheduling of the transport system, performed in tactic planning (off-line).
Results from Table 3 show the headway for each different experiment in seconds. The total delay contains the total time with trains stopped inside the shield due occupied sector times the number of passengers onboard. The total number of passengers is function of the headway and of the vehicle capability, and is the total transported amount.

Stage 2: The second stage simulates the effect of exogenous events generated after 500 seconds of simulation using the initial scheduling. One or more sectors being locked and the transport system needs to use alternate routes to turn around. We select alternate route using the contrary route pathway to study the system under stress because this is a very distressing solution, affecting both directions of the transport system. The conditions are simulated with first stage parameters to help us to evaluate the effect of the problem into the previously scheduled system.
Results analysis from Table 3 shows that blocking sector generates an increase of total delay time in 2, 4 or 7 times in comparison with the normal operational value obtained in stage 1 (see bold values in Table 2). This means that the passengers are confined in the shield with stopped trains 4 times more than without the events. Experiment 3 shows that the linear route without external event has a decrease in delay time and is not affected by the event, even sharing the circular trail is occurred.
Stage 3: The last stage optimises the system performance level with the external event after 500 seconds generating the rescheduling after few seconds, and corresponds to the operational planning. GA chromosome in this case contains one level performance for each line. The effect of the sector block drove to the change of the transport element speed to reduce the effect of the problem and obtain some time to execute the maintenance task. 

The application of GA revert its effect, reducing the total delay times which low performance lost (see stage 3 results and compare with event effect in stage 2). 

The percentage value in “event effect”-stage 2 and “optimal velocity”-stage 3 is related with “optimal headway”-stage 1 value without external events. 
So far it has been seen that they have better total delay, the total number of passengers transported was reduced even with the initial load of the transport elements (75% of the total load).
The effects in circular line (experiment 2) are more accentuate due its O&D matrix characteristics.
Table 2. Transport system optimisation with external events. The bold values represent the disruptive effect of the sector blocking and the italic values represent the recovering using GA optimisation at performance level.
	
	
	Experiment

	Stage
	Information
	1.Linear
	2.Circular
	3.Combination

	
	
	
	
	Circular
	Linear
	Linear

	1. Optimal headway with 75% velocity
	Headway(sec)
	58 
	60 
	102
	175
	85

	
	Total delay(sec)
	3,795 
	3,360 
	1,059
	225
	1335

	
	Passenger number (#)
	73,791
	102,278
	81,520
	38,826
	68,971

	2.Event effect
	Number vehicles (#)
	12
	16
	7
	4
	8

	
	Total delay (sec)
	15,525 
	409%
	6,780 
	201%
	5,010
473%
	165
73%
	9,765
731%

	
	Passenger number (#)
	68,109
	92%
	102,256
	99%
	79,262
97%
	38,379
98%
	59,973
86%

	3.Optimal velocity
	%Velocity
	47
	50
	37
	39
	36

	
	Total delay (sec)
	2,430
	64%
	1,350
	40%
	1200
113%
	165
73%
	1,305
97%

	
	Passenger number (#)
	63,674
	86%
	57,608
	56%
	68,414
83%
	23,924
61%
	53,914
78%


From these results, we show the application of the strategy to manage external events in a transport system under real time. The next step of the project was to contact a real-world company to study its implementation in real world.
7. Technology transfer: first contact with real-world.

The first contact with London Underground Ltd shows they already had a simulator (Train Service Model-TSM) running very well and accurate, with two different execution modules: the first running without graphical interface, and generating the performance index of the configuration in study. The second contains one graphical interface where each line and train can be visualised in the screen and after each cycle the dynamics is update. This version is used in presentation and some case studies, but the day-by-day use works over the output reports. This contributes which our idea about do not develop a graphical interface in this moment.
The initial proposal of an integrated simulator/optimisation algorithm should be improved creating a more general tool through the development of both as independent routines. Usually the companies already developed its own simulators, like in London Underground, and require only the optimisation module.
The benefit of this integration is the possibility of obtaining the optimal set of operational parameters fast and automatically, using the reliable and established software available in the user.  
8. Further development: Strategic planning using genetic programming.

The route trace optimisation is a problem with the following characteristics:

1. The stations are defined and fixed.

2. The segments and sectors are defined and fixed.

3. The amount of passengers to transport is defined in the O&D matrix.

The goal is to obtain the trace route between the stations using the available topology that maximise the commuters transfer between origin/destinations routes. 

Strategic planning is a problem where a pre defined number of routes are set depending of number of vehicles and crew, parking lot, etc (8, 12, or 20 for example). The O&D matrix is available and reproduces the flow passengers of the real system. GP manages to obtain the routes which minimizes some performance index in a given sceneries. This is a variation of the classical Travelling Salesman Problem – TSP ([7, 9, 15, 18, 20, 21]).

The individual in GP contains for each line a tree which codes the segments of the route and short term routes (extra trip during peak periods travelling the most heavily used portion of the line, normally that closest to the city centre). For example, if the number of lines is 5, each individual define 5 trees with variable size coding the trajectory between the start and end terminus.

Each individual is evaluated using the simulation and GA to optimize its operational parameters, and then the fitness to GP is evaluated using the optimized results.

GP operators follow the same task of Fig.4, but over trees instead of bit strings. After a certain number of generations the optimal set of routes and its operational parameters are obtained, and its implementation in real world guaranty the global optimum optimisation of route trace, headways and level of performance.
GP code is an adaptation of LilGP [16] software structured in a precompiled library, without some recovery resources and data entry available in the original program to make it faster and lower. The output is generated in Excel file format as in GA routines.
9. Summary and Conclusion.

This paper shows a software architecture based on the integration of simulation tools/techniques and genetic algorithms optimisation. Evaluation of many individuals using a real system is not allowed (neither safe) because some of the possible solutions individuals could be unsafe and others highly inefficient. Simulation solves the problems allowing the implementation in the real system only of the best solution.
The solution proposed was structured in 3 stages: transport optimization to obtain the scheduling, simulation of the external events to evaluate its impacts in the transport system performance, and finally, performance level optimization with external event. The solution has been improved up to 8 times depending on the line configuration and constraints, showing the potential of the method.
The results show that GA is able to find a performance level that recovers the transport system for a while, providing time to solve the external event demands.

The contact with a real transport company shows the potential of the solution in its performance increase, integrating optimization module with their simulator. This integration opens a new alternative and more general solution (not only for transport).

Finally, a methodology for strategy planning was described integrating GP with the simulator using GA optimal parameters to optimize the routes trace.
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