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Abstract. Research is presented that uses the Preference Ranking Organization METHod for Enrichment of Evaluations 

II (PROMETHEE II) to determine a direction for a powered wheelchair. This is the first time this sort of decision making 

has been employed for this sort of use. A wheelchair user proposes a preferred speed and direction, and a decision-maker 

recommends a safe bearing. The two directions are combined so that the wheelchair safely avoids obstacles. Ultrasonic 

sensors and joysticks provide the inputs and the final direction is a combination of the preferred bearing and a route that 

safely avoids obstacles. The systematic decision-making process assists a powered wheelchair user with safely steering 

their wheelchair. Sensitivity analysis explores the potential directions and an appropriate direction is chosen that gives a 

robust solution. A user can over-ride suggestions from the PROMETHEE II system by holding their joystick in a fixed 

place. 
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1 Introduction 

A Multi-Criteria Decision Making (MCDM) system [1-4] is described that will assist in controlling a powered 

wheelchair[5-11].  Ultrasonic sensors[12,13] provide information about the surroundings of the wheelchair[5-11] and the 

systematic decision-making process[1-4] can help a disabled driver to avoid obstacles[14-22]. A desired direction is 

provided by the human wheelchair driver and the sensor system[23-25] suggests a new direction.  The final direction is an 

intelligent mixing of the two[26-28].  

A joystick is used to control the speed and direction of the powered wheelchair[8].  The powered wheelchair driver 

indicates their preferred speed and direction by positioning a joystick and then their wheelchair tends to move at the 

indicated speed and direction. The steering input is blended with sensor inputs in a new way and the result provides drivers 

with assistance. 

This paper presents an MCDM system [1-4] that can quickly react to obstacles to avoid them[6-8].  A best compromise 

direction is selected for collision avoidance. A joystick provides a desired speed and direction and the MCDM system [1-

4] modifies those inputs if an obstacle is detected. The user inputs are traded off against the detected distance to an obstacle. 

A MCDM produces a steering angle and that is mixed with the joystick input to generate a modified steering angle.  The 

modified angle is then used to control the power provided to the wheelchair motors.  The systems were assessed both in 

simulation and using a powered wheelchair, figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 1. Bobcat Chair (from a video clip of the wheelchair in use) 

 

Ultrasonic sensors were used because they are cheap, simple and robust [12-13]. Each front driving wheel had a sensor 

fitted above it [11].  The distance to an obstacle was calculated from the time it took for a pulse to be reflected from an 
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obstacle [12]. 

Ultrasonics can provide inaccurate readings because they are noisy.  To deal with that, Histogramic In-Motion Mapping 

was employed to remove erroneous readings [13]. A matrix was created for each sensor that had overlapping volumes with 

three elements in each: ADJACENT, NEARBY and DISTANT.  The centre column represented conditions when both right 

and left transducers detected obstacles. Detected obstacle ahead of the chair were labelled: ADJACENT, NEARBY or 

DISTANT. 

MCDM assessed alternatives in an effort to select a suitable direction with regard to multiple and sometimes conflicting 

criteria [1-4]. 

2 Testing 

This research used sensor inputs as decision criteria, which was the distance from the wheelchair to an obstacle. The inputs 

to the MCDM were: Distance from obstacle to the centre of the wheelchair (Dc), Distance from obstacle to the left of the 

wheelchair (Dl) and Distance from obstacle to the right of the wheelchair (Dr). If the sensors did not detect any obstacles 

in their range then the distance was set to DISTANT. Three scenarios are presented here as examples of the powered 

wheelchair moving through an environment containing some cardboard boxes as obstacles. 

 

• Scenario 1: No obstacle detected (Position A in fig. 2). 

• Scenario 2: Obstacle detected to the right or left (B in fig 2). 

• Scenario 3: Obstacle detected to the left and obstacle detected in front (C in fig 2). 

 
Fig. 2. Powered wheelchair moving through an environment containing some cardboard boxes as obstacles. 
 

Three alternatives were considered based on the sensors’ readings: Move left, move right and move forward. Scores for 

each alternative were set and are shown as a decision matrix in table 1.  

Table 1. Decision matrix for powered wheelchair. 

Alternative Dl Dc Dr 

Move left (A1) 0.5 0.25 0.167 

Move forward (A2) 0.333 0.5 0.333 

Move right (A3) 0.167 0.25 0.5 

 

Dl, Dc and Dr could be ADJACENT, NEARBY or DISTANT. The values allocated to them were: ADACENT = 2, 

NEARBY = 4 and DISTANT = 10. 

Scenario 1 (Position A in figure 2): As the wheelchair began to move, no obstacle was in the sensors range and all 

distances were set to DISTANT. PROMETHEE II was applied were three criteria and three alternatives were considered, 

all criteria had the same weight and were set to DISTANT. PROMETHEE II provided the following ranking of alternatives: 

A2 > A1 = A3.The net outranking flow of alternatives were: A1= 0.333, A2 = - 0.167 and A3 = - 0.167. The Geometrical 

Analysis for Interactive Assistance (GAIA) plan is a visual interactive module that provided a graphical representation of 

the PROMETHEE II method. It was used to provide a direction for the wheelchair, shown as a thick red line in figure 3 

and as a solid red line in figure 2. That is to follow the direction indicated by the wheelchair user.   



 
Fig. 3. Suggested direction for the Wheelchair using PROMETHEE II, no obstacles detected. 

 

Sensitivity analysis was conducted on criteria weights to analyze the stability of the outcome when uncertainty could affect 

the readings of the sensors. Minimum percentage change required to alter the outcome was calculated. Results are shown 

in table 2. N/F shown in table 2 stands for a non-feasible value where ±100% change in the weight of that criterion did not 

affect the outcome of the method. 

 

 
Table 2. Minimum percentage change required in criteria weights to change 

the outcome, scenario 1, no obstacle detected. 

Criterion name Minimum percentage change 

Dl ± 3 % 

Dc N/F 

Dr ± 3 % 

 

 

Figures 4 shows the effect of a 3 % change in Dl or Dr on the direction for the wheelchair. A 3 % increase in Dl or a 3 % 

decrease in Dr suggested that the wheelchair move forward with a slight angle to the left as shown in figure 4. 

 
Fig. 4. Suggested direction for the wheelchair with 3 % increase in Dl or 3 % decrease in Dr. 

 

A 3 % decrease in Dl or a 3 % increase in Dr suggested that the wheelchair move forward with a slight angle to the right. 

Scenario 2 (Position B in figure 2): As the wheelchair moved forward then an obstacle was detected to the right of the 

wheelchair as shown in figure 2:  Dr was set to ADJACENT, Dc was set NEARBY, and Dl was set to DISTANT. 

PROMETHEE II was applied were three criteria and three alternatives were considered. PROMETHEE II provided the 

following ranking of alternatives: A1 > A2 > A3. The net outranking flow of alternatives was: A1= 0.375, A2 = 0.25 and 

A3 = - 0.625. The GAIA plan provided the suggested direction for the wheelchair and is shown as a thick red line in figure 

5 and as a solid red line in figure 2. 



 
Fig. 5. Suggested direction for the Wheelchair using PROMETHEE II, obstacle detected to the right. 

 

Sensitivity analysis was conducted on criteria weights to analyze the stability of the outcome. Minimum percentage change 

required to alter the outcome was calculated. Results are shown in table 3. 

 
Table 3. Minimum percentage change required in criteria weights to change 

the outcome, scenario 2, one obstacle detected to the right. 

Criterion name Minimum percentage change 

Dl -8.065 % 

Dc 24 % 

Dr 91.667 % 

 

Figure 6 shows the effect of minimum percentage change in Dl, Dc and Dr on the suggested direction of the wheelchair. 

An 8.065 % decrease in Dl, a 24 % increase in Dc or a 91.667 % increase in Dr made the wheelchair move forward and to 

the left with an angle of 134⁰. 

 
Fig. 6. Suggested direction for the wheelchair of 134⁰after an 8.065 % decrease in Dl, 24 % increase in Dc or 91.667 % increase in Dr. 

 

Scenario 3 (Position C in figure 7): As the wheelchair moved forward then the sensor system detected an obstacle on the 

left and another in front as shown in figure 7. Dr was set to DISTANT, Dc was set to NEARBY, and Dl was set to 

ADJACENT. PROMETHEE II was applied and three criteria and three alternatives were considered. 

  

 
Fig. 7. One obstacle detected to the left and another obstacle detected to the front. 

 



PROMETHEE II provided the following ranking of alternatives: A3 > A2 > A1. The net outranking flow of alternatives 

was: A1= - 0.625, A2 = 0.25 and A3 = 0.325. The GAIA plan provided the suggested direction for the wheelchair shown 

as a thick red line in figure 8. 

 

 
 

Fig. 8. Suggested direction for the Wheelchair using PROMETHEE II, with two obstacles detected to the left and centre. 
 

Sensitivity analysis was conducted on criteria weights to analyze the stability of the outcome. Minimum percentage change 

required to alter the outcome was calculated. Results are shown in table 4. 

Table 4. Minimum percentage change required in criteria weights to change the outcome, scenario 3, two obstacles were detected to 

the left and the center. 

Criterion name Minimum percentage change 

Dl 164.286 % 

Dc 121.429 % 

Dr -22.535 % 

 

Figure 9 shows the effect of minimum percentage change in Dl, Dc and Dr on the direction for the wheelchair. A 164.286 

% increase in Dl, a 121.429 % increase in Dc or a 22.535 % decrease in Dr made the wheelchair move forward to the right 

with an angle of 46⁰. 

 
Fig. 9. Suggested direction for the wheelchair was 46⁰after a 164.286 % increase in Dl, 121.429 % increase in Dc or 22.535 % decrease 

in Dr. 

3 Discussion of the results 

The shared-control described in this paper combined suggestions from sensors and the input from the wheelchair driver and 

improved driving by reducing collision.  

The architecture described in this paper successfully combined the information from a user joystick in order to uphold 

the autonomy of the driver but also successfully shared that information with data from the sensor system.  The wheelchair 

users successfully controlled the motion of their powered wheelchairs using their joysticks and the sensor system dealt with 

avoiding obstacles.  The sensors ensured that the wheelchair was safe as it moved. 

The actual currents driving the two wheelchair motors were produced by both the sensor system and the driver. If there 

were fewer obstacles or obstacle(s) were further away, then drivers didn’t need assistance.  Providing the driver with a 

higher authority in those cases guaranteed an improvement in performance. If the environment contained many obstacles 



or there were obstacles near to the powered wheelchair, then the system was able to inhibit or reduce the input from the 

joystick to prevent collisions.  

The combined-control output was a summation of the weighted command from the driver and the output from the 

MCDM system.  Figure 10 shows the resultant output when mixing PROMETHEE II with no obstacle detected and the 

joystick output when it was held to the right. The bold red line is the output from the MCDM system, the dotted orange line 

is the output from the user joystick and the dashed black line is the resultant actual speed and direction. 

 
Fig. 10. Direction of the Wheelchair after mixing: PROMETHEE II output with no obstacle detected, 3 % increase in Dl or 3 % decrease 

in Dr and joystick was held to the right. 

 

 
Fig. 11. Direction of the Wheelchair after mixing: PROMETHEE II output with no obstacle detected with 3 % decrease in Dl or 3 % 

increase in Dr and joystick output pushed to the right. 
 

Figure 12 shows the suggested direction for the Wheelchair when an obstacle was detected to the right, and the joystick 

output was asking the wheelchair to move forward.  

Figure 13 shows the suggested direction for the Wheelchair when an obstacle was detected to the left, and the joystick 

output was asking the wheelchair to move slowly to the right. 

 

 
Fig. 12. Direction of the Wheelchair after mixing: PROMETHEE II output with an obstacle detected to the right, with an 8.065 % 

decrease in Dl, 24 % increase in Dc or 91.667 % increase in Dr and joystick was pushed forward. 



 

 
 

Fig. 13. Direction of the Wheelchair after mixing: PROMETHEE II output with an obstacle detected to the left with a 91.667 % increase 

in Dl, 24 % increase in Dc or 8.065 % decrease in Dr and joystick was pushed slowly to the right. 

4 Conclusions 

This paper described the successful use of a PROMETHEE II outranking method [3,4] for collision avoidance in 

wheelchairs[29]. The MCDM system[1,2] proved to be reliable and trustworthy. It helped powered wheelchair users[5-10] 

to steer safely by swiftly identifying obstacles and then maneuvering around them. 

Current and emerging research is examining ways to use different AI tools [30-36] to best effect.  Specifically, Fuzzy 

networks [37, 38], Rule Based Systems [33,34], Blackboard Systems [39-41], Expert Systems [42,43] and artificial neural 

networks [44-45]. 

If the target was an obstacle then the MCDM would initially try to avoid it. If the driver continued to indicate that they 

want to drive towards the obstacle (for example a wall to change a light-switch) then the driver could over-rule the MCDM 

system. The collision avoidance MCDM system could be over-ridden if a joystick was kept stationary in roughly the same 

place. Then the user joystick input was integrated over time so that the desire of a disabled driver eventually overrode other 

behaviour. 

If no objects were being detected, then the chair would tend to drive as directed by the joystick. 

The authors are currently applying PROMETHEE II [3] and the Analytical Hierarchy Process[4] to other decisions. A 

framework for the intelligent selection of MCDM methods has been created and analysing the behaviour of three MCDM 

methods in the presence of uncertainty has been investigated [1]. Veto threshold will be imposed, and it will override the 

function of the joystick in extreme cases.  

Results from testing the MCDM system showed that it behaved appropriately. The work will be clinically trialed in 

Chailey Heritage Foundation next year as part of an ERSPC funded project “Using artificial intelligence to share control of 

a powered-wheelchair between a wheelchair user and an intelligent sensor system.” [29]. 
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