Microscopic Simulation of Vehicular Traffic on Congested Roads

Shami Gupta, Partha Chakrabarty^�and Amitabha Mukerjee Dept of Mechanical Engg and Center for Robotics Indian Institute of Technology, Kanpur, INDIA e-mail: amit@iitk.ernet.in

Abstract

In this work a microscopic traffic interaction model is simulated as a distributed set of autonomous agents, each of which controls its own vehicle and responds to the actions of other agents. Both navigating along a road as well as static and dynamic obstacle avoidance are achieved by applying nonholonomic robot motion constraints on a a potential field model. Dynamic effects are controlled by constraining the turn direction to lie within a dynamically defined cone (maximum turn depends on current velocity). Each reactive agent has a set of primitive behaviours. It also has a set of beliefs regarding its own behaviour and the behaviours of other vehicles in the system.

1 Introduction

Modeling vehicular interactions, difficult enough in the simplest of circumstances, is made more complex by the variability in vehicle and driver characteristics typical of uncontrolled road access. Pedestrians, trucks, automobiles, and non-motorized vehicles, share the same road area and negotiating a path requires a good understanding of the behaviour typical of the other types of vehicles.

A popular approach for simulating multi-entity interactions is based on distributed agent architectures [30]. Here, the behaviour of a mobile robot may be controlled by a set of schemas based on potential fields [1], where the parameters of the field is affected by environmental stimuli. The potential field approach is very popular in path planning, and is increasingly used in modeling nonholonomic systems such as vehicles ([29, 25, 24, 7]). In this work a 3-dimensional C-Space (x, y, θ) is constructed dynamically for each vehicle, and paths are found directly (without search) using potential field interactions in this space. The nonholonomicity is modeled by permitting continuous motions over a range of angles instead of a set of discretized models. Vehicle dynamics is handled by constraining the range of possible motions as a function of velocity. Anticipated behaviour of other vehicles is modeled through a projective potential field where the vehicles are projected to their likely future positions. Particular agent characteristics , e.g. aggressiveness, speediness, lateral-position-on-road, can be formulated in terms of the parameters of the potential field.

�Department of Civil Engg

2 Modelling the System

2.1 Vehicle Model

The vehicle is modeled as a convex polygon A with midline RF, where R and F are the midpoints of the rear and front axles. The steering angle ϕ is the angle between the velocity at F and the axis RF. When the vehicle moves, the point R describes a curve that must be tangent to the main axis of the vehicle, thus generating a nonholonomic constraint of the form :

−ẋ. sin θ + ẏ. cos θ = 0

where x,y is the position at mid-rear-axle R, and θ is the angle between the vehicle axis RF and the global frame.

Figure 1: Configuration Space Θ-slice for a given Road Geometry The grown areas are those x, y configurations which result in a collision with the road for the given θ. Each vehicle dynamically computes its own C-space slice treating the other objects (as known to it), as obstacles (two lower figures.

2.2 Potential Field Model

The model considers driver behaviour and all considerations of the near future are projected into the current instant. Since global search is not used, a potential field based approach that returns instantaneous decisions is preferable.

The basic potential field gradient in the current model is of the form k/r^n explained. The strategy applied in the ”Two-car Model” is to assign micromotion to one vehicle at a time alternately. In certain situations, kike when two vehicles approach eachother on a collision course certaon anomalous behaviour is noticed owing two the formation of some local minima. SUch problems are however sorted out by using a projective look - ahead technique.

2.3 Modelling the Driver Behaviour The action of each vehicle and its driver is based on the current situation and its own belief regarding other agents’ behaviour and this is reflected in its own parameter set.This mechanism is stimulus-response type in nature.

2.3.1 Driver Aggressiveness

The driver aggressiveness criteria is typically represented as an index (μ) in a scale of 1-100. A more aggressive driver is assigned with a higher value of μ .This value is also dependent on the type of the vehicle. In this model, aggressiveness has no independent effect on the velocity with which the vehicle is travelling. It plays a key role when the vehicle has to yield to other vehicles, while taking turns or while braking.

d_{cr} is a rapidly decreasing function of μ in the form:

d_{cr} = |⃗v_{rel}| . [ BrakingTime × SafetyFactor × ( 1 − b μ^2 )]

where, ⃗v_{rel} is the relative velocity of travel, Braking Time is a parameter related to the driver characteristics and b is a global constant. The global Safety Factor is thus reduced by the factor (1 -^b_{μ2} ). Hence, the car having a lower μ may deviate from the track earlier in order to give room for the more aggressive driver. Also the shadow potential constant (E_{shadow}) is dependent upon the aggressiveness (μ_c) of the driver, as well as ⃗v_{rel}, estimated size of the approaching vehicle (S_o) and the estimated aggressiveness (μ_o) of the approaching driver: E_{shadow} ∝ |⃗v_{rel}| .B(S_o) μ_c.B(μ_o) where, index B( ) indicate the output from the Belief function. This E_{shadow} is further modulated by k shadow. The aggressiveness index (μ) is also used while the vehicle is turning or braking. A more aggressive driver will use a shorter braking threshold (d_{th}) and the braking force (F_{br} ) will be greater: F_{br} ∝ μ d_{th} ∝ 1 μ 2.3.2 Belief functions

Currently the model has belief functions for estimating the aggressiveness of the other driver. An ad hoc multiplier has been used to estimate sizes, but no psychological validity is claimed for any of these functions. However, belief functions modulate the driver’s entire knowledge of the world: the other systems as well as his own.

Modelling belief is an extremely complicated process. Koller [15] has constructed a ”belief network” for analysing symbolic traffic flow explaining features like lane changes in a highway traffic simulation.

2.4 Modes of Travel : Normal (in Segment) Motion, Turning and Goal Reaching Different travel modes are used due to varying effect of the goal along with the driver attitudes. A route planner decomposes the route of each vehicle into track segments and returns the track list. At the road junctions the vehicle switches from one segment to another. This mode is called Turning. At the Goal Reaching mode the vehicle travels in the last track segment and nears the final goal. The normal mode is used while travelling in a single track segment. For the turning operation the driver has to reduce the vehicle velocity and then shift the target from the current goal to the next. The velocity during turning is purely a function of the current potential field gradient subject to the kinematics and dynamics of the vehicle. The effect of discretisation into steps of length |⃗v| .Δt needs to be taken into account and thus d_{turn} becomes:

d_{turn} = |⃗v| .Δt. [_n ∑ i=1 cos (i.ϕ_{max}) − cot α n∑ i=1 sin (i.ϕ_{max}) ]

where, ϕ_{max} = maximum steering angle attainable at velocity ⃗v, n = ⌊^α_{ϕmax} ⌋ and α ≠ 0ffi.

Figure 2: The Switching of the Goal during Turn: When a vehicle navigates, it takes an element from the track list as its current goal direction. At distance d_turn before the current goal, depending upon its ability to steer, the vehicle shifts the goal to the next element from the list.

Figure 3: Locating the virtual goal on turning

2.4.1 Goal Reaching Mode

Deceleration before reaching the goal is necessary, otherwise the gradient near the goal is infinite and the vehicle will shoot past the goal at tremendous speed. In

Figure 4: Backing up during Turning: V_1 backs up at the road junction because it has deviated from its original track in reaction to V_2 at the cross-road (the front of the vehicle is marked F ).

this mode the vehicle speed has slowed down so that it stops near about the final target. Depending upon the current velocity, goal distance and the field gradient the driver alters the velocity taking into account the vehicle’s braking ability.

3 Implementation and Results

3.0.2 Road and Vehicle Geometry

The input data is read from several files containing road, track, and vehicle data.

The Road data structure contains the physical configuration of the fixed obstacles i.e., the road edges in the global coordinate frame (the coordinate frame of the workspace).

The Track data structure holds information about the road segment connectivity in the form of a vertex list of the tracks.

The orientation of each track is computed and included in the data structure. This information is used, for example, when the vehicle switches its goal (at a turn).

The Vehicle data consists of:

1. Geometry: i.e. coordinates of the vertices of a convex polygon in a local coordinate frame. This frame is placed at the midpoint of the vehicle’s rear axle.

2. Technical specifications: Maximum car speed, engine power, braking power and the maximum steering angle.

3. The driver data structure: This contains potential field parameters that influence the driving.

3.0.3 Results

We now present several trial runs are presented for different situations.

1. Longitudinal Distance: A measure of the distance between the vehicles measured along the axis of the track.

2. Lateral Deviation: This reflects the distance between the vehicles measured in a direction orthogonal to the track axis.

Figure 5: Inputs: Road geometry, Start, Goal, and Track geometry. Vehicle A starts as shown, and moves along Tracks 1 and 2 while B moves along Tracks 2 and 3.

Wherever meaningful, we also present Time vs. Lateral Deviation and Time vs. Longitudinal Distance plots. Sharp deflections in these curves reflect sudden avoidance maneuvers etc. In each instance, a brief analysis is presented to support and explain the observation(s). (The time resolution for the outputs = 0.1 seconds.)

3.1 Single vehicle in motion

In this case, only one vehicle is in action. It moves on a narrow road and during the course of motion, it has to take a turn.

Analysis

The car is moving on a narrow road. The starting point is right at the centre of the road. Soon it moves to the left to its steady state configuration. It continues to keep to the left even after taking the turn.

3.2 Vehicles crossing - Wide road

Two cars are moving in opposite direction on a broad road. The cars approach one another, yield and move away.

Figure 6: Simulation: Two vehicles in wide road. Two vehicles cross each other comfortably on a wide road.

3.3 Vehicles crossing - Narrow road

Two cars are moving in opposite direction in a narrow road. The cars approach one another, yield and move away. (see Figure 8 and Figure 9).

Figure 7: Characteristic Curves: Two vehicles in wide road The longitudinal distance (along track length) and lateral deviation (perpendicular to track length) are plotted against time. Lateral Deviation increases but not too sharply, when the two vehicles are within lookahead distance.

Figure 8: Simulation - Two vehicles in narrow road The jump to the sides is sharper.

Figure 9: Characteristic Curves - Two vehicles in narrow road

3.4 Truck overtaking a Car A car is moving on the road. A truck approaches it from behind and overtakes the car. Both vehicles continue to move on in the same direction.

Figure 10: Simulation - Truck overtaking a car.

Figure 11: Characteristic Curves - Truck overtaking a car.

3.5 Vehicles Crossing - Unequal Aggressiveness Analysis

When car(B) and bus(A) approach each other B deviates a bit earlier since the car driver is less aggressive. As can be seen Figure 12 and Figure 13, the deviation of A is less than that of B.

Figure 12: Simulation - Two vehicles of unequal Aggressiveness

5(a) The Vehicle and Driver Characteristics.

4 Conclusion

The current work replaces conventional path-planning schemes involving explicit search. This is done by local decisions using potential field and driver behaviour based models. The results presented in section 3.0.3 depict the suitability of the current work in modelling two vehicle interaction over a wide range of situations associated with congested roads with several turns and crossings.

Figure 13: Characteristic Curves - Two vehicles of unequal Aggressiveness

Figure 14: Simulation - A Rickshaw crossing a Truck

Figure 15: Characteristic Curves - A Rickshaw crossing a Truck

Purely potential field based models cannot execute preplanned motion sequences such as parking or ”U” turning in narrow roads. However, these can be done by search based algorithms [20]. On the other hand, a purely search-based model is inefficient in handling conflicting dynamic situations. Thus, a trade-off between the two approaches is probably required. Such a model will use potential fields and in certain field characteristics it will also utilise some predefined set of possible actions - a feature of search-based algorithms.

However, the model presented in this thesis is elementary in nature and is based on potential field only. Further work needs to be done to model more complex and conflicting traffic situations. Some of the issues for future research can be:

References

[1] Arkin, Ronald C., Behaviour-Based Robot Navigation For Extended Domains, Adaptive Behaviour, Fall 1992, vol.1(2):201-225, 1992.

[2] Barraquand, J. and Latombe, J-C., Robot motion planning : A distributed representation approach. International Journal of Robotics Research, Vol. 10,No.6, pp 628-649. 1991.

[3] May, Adolf, Fundamentals of traffic flow theory, 1985.

[4] Chakroborty, Partha, A Model of Car Following - a Fuzzy-Inference-based System Ph.D. Dissertation, University of Delaware, Summer, 1993.

[5] Chuang, Jen-Hui and Ahuja, N., Path planning using the Newtonian potential. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 558-563. 1991.

[6] Coombs, D. and Roberts, K., Centering behaviour using peripheral vision. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 440-445. 1993.

[7] Ferbach, P., Method of progressive constraints for nonholonomic motion planning, Proceedings of the IEEE International Conference on Robotics and Automation, pp. 2949-2955. 1996.

[8] Fraichard, Th., Dynamic Trajectory Planning with Dynamic Constraints : a ‘State-Time Space’ Approach. Proceedings of the International Conference on Intelligent Robots and Systems, pp. 1393-1400. 1993.

[9] Fraichard, Th. and Laugier, C., On line reactive planning for a nonholonomic mobile in a dynamic world. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 432-437. 1991.

[10] Fraichard, Th., Scheuer, A., Car-Like Robots and Moving Obstacles. Proceedings of the IEEE International Conference on Robotics and Automation,May 8-13 1994, 6 Pages.

[11] Fok, Kun-Chee Henry; Kabuka, Mansur R., A flexible multiple mobile robot system IEEE Transactions On Robotics and Automation, Oct 1992, v.8(5):607-623.

[12] Fujimura, K. and Samet, H., A hierarchical strategy for path planning among moving obstacles. IEEE Transactions on Robotics and Automation, Vol. 5,No.1, pp. 61-69. 1989.

[13] Holenstein Alois A, Badreddin Essam, Collision Avoidance in a Behaviour based Mobile Robot Design. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 898-903. 1991.

[14] Howarth, R.J. and A.F., Toal, Qualitative space and time for vision. AAAI Workshop on Qualitative Vision, Boston July 29, pp.61-66. 1990.

[15] Huang, T., Koller, D., Malik, J., Ogasawara, G., Rao, B., Russell, S. and Weber, J., Automatic Symbolic Traffic Scene Analysis Using Belief Networks.Conference Proceedings of AAAI, pp. 966-972. 1994.

[16] Hwang, Yong and Ahuja, N., A potential field approach to path planning. IEEE Transactions on Robotics and Automation, Vol. 8,No.1, pp. 23-32. 1992.

[17] Kant, Kamal and Steven, W. Zucker, Toward efficient trajectory planning: the path-velocity decomposition. International Journal of Robotics Research Fall, Vol. 5, No. 3, pp. 72-89. 1986.

[18] Kautz, H., Selman, B., Coen, M., Ketchpel, S. and Ramming, C., An Experiment in the Design of Software Agents. Conference Proceedings of AAAI, pp. 438-443. 1994.

[19] Lashkari, Y., Metral, M. and Maes, P., Collaborative Interface Agents. Conference Proceedings of AAAI, pp. 444-449. 1994.

[20] Latombe, Jean-Claude, Robot Motion Planning. Kluwer Academic Press, 1991.

[21] Lozanzo-Pérez, T., Spatial Planning : A Configuration Space Approach. IEEE Transaction on Computers C- 32(2), pp. 108-120, 1983.

[22] Masoud, Ahmad A. and Bayoumi, Mohd. M, Robot navigation using the vector potential approach. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 805-811. 1993.

[23] Michaels, R.M. and Cozan, L.W., Perceptual and Field Factors Causing Lateral Displacement. Highway Research Record Number 25. 1963.

[24] Mirtich, B. and Canny, J., Using skeletons for nonholonomic path planning among obstacles. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 2533-2540. 1992.

[25] Novel, B. d’Andréa, Bastin, G. and Campion, G., Dynamic feedback linearization of nonholonomic wheeled mobile robots. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 2527-2532. 1992.

[26] Okutomi, Masatoshi, and Masahiro Mori, Decision of robot movement by means of a potential field. Advanced Robotics, Vol. 1, No.2, pp. 131-141, 1986.

[27] Ratering, S. and Gini, M., Robot navigation in a known environment with unknown moving obstacles. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 25-30. 1993.

[28] Santos-Victor, J., Sandini, G., Curotto, F. and Garibaldi, S., Divergent stereo for robot navigation - learning from bees Proceedings of the IEEE International Conference on Robotics and Automation, pp. 434- 439. 1993.

[29] Shiller, Z., Serate, W. and Hua, M., Trajectory planning for tracked vehicles. Proceedings of the IEEE International Conference on Robotics and Automation, pp. 796-801. 1993.

[30] Wooldridge, M. and Jennings, N.R., Intelligent agents:

theory and practice, Knowledge Engineering Review, v.10(2):115-152.