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Abstract. This paper describes the use of Weighed Aggregated Sum Product ASsessment (WASPAS) method to suggest a direction 

for a powered wheelchair. The method considers five directions as alternatives.  The ultrasonic sensors readings are used as criteria 

weights. The overall score of the alternatives is converted to vector magnitudes and the directions of the alternatives are considered 

as vector angles. The suggested direction is represented as a resultant vector formed from the vector manipulation of the vectors 

magnitudes and angles. The suggested direction tends to move a powered wheelchair away from obstacles. The whole system helps 

disabled wheelchair users to drive their powered wheelchairs using a decision-making process.  This paper presents that process 

along with a new way of selecting a best compromise direction. Three cases are considered, and a best compromised direction is 

suggested in each case. The user is able to over-ride suggestions from WASPAS by holding a steering joystick in a set position. 
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1 Introduction 

This paper will use a Multiple Criteria Decision Making (MCDM) method [1-4] to assist in controlling a powered wheelchair [5-11]. 

Ultrasonic sensors [12,13] provide information about the surroundings of the wheelchair[5-7] to help a wheelchair user to avoid 

obstacles [8-11]. A suggested direction is provided by the Weighted Aggregated Sum Product ASsessment (WASPAS) method. The 

human wheelchair driver can suggest a new direction to override the direction suggested by WASPAS method. Three cases will be 

considered in this paper where the sensors: did not detect any obstacle, obstacle is detected to the right and obstacle detected to the 

left of the powered wheelchair. 

Systems described here will help wheelchair drivers to drive their powered wheelchair more safely by combining the desired 

direction with information from the sensors [14-23].  A best compromise direction is selected to avoid collision. A joystick is used to 

provide an input that represents a desired direction and a speed and MCDM systems [1-4] are used to provide an input that modifies 

them if an obstacle needs to be avoided [24-26]. Computations consider both the wishes of the user and the distance to objects [27-

28].  Procedures have been verified using simulations and with a wheelchair, as shown in figure 1. 

 

 
Fig. 1. A Bobcat Wheelchair. 

The test system used ultrasonic sensors because they are simple, cheap and robust.   An ultrasonic sensor was fastened onto the 

wheelchair frame above each of the large driving wheels. The system effectively placed an imaginary potential field around each 

obstacle that was detected. If no obstacles were detected then the range of the sensors was gradually increased by lengthening the 

pulses of sound until something was perceived. Data In each ultrasonic range scan were (x, {r, 𝜙}n
i=1), where r is the range, x,𝑦,𝜃 

represents the current pose, and 𝜙 is the simplified scan bearing (left, right, middle). 



Histogramic In-Motion Mapping filtered out spurious readings because ultrasonic sensors are habitually noisy.  The volume 

in front of the powered wheelchair was separated into a left side and right side and a matrix was effectively overlaid on that volume.  

The matrix had three components for each side: ADJACENT, NEARBY and DISTANT. 

Beams bounded the volume in front of the wheelchair and over-lapped. The centre column represented conditions when both 

right and left sensors detected an obstacle. When something was perceived ahead of the wheelchair then that obstacle was assigned a 

label as ADJACENT, NEARBY or DISTANT. 

Section II describes Multi Criteria Decision Making (MCDM). Section III describes some testing and results.  Section IV is a 

short discussion and Section V presents some conclusions.  The ultrasonic systems are like the systems described in [11]. Sensors 

were mounted above each driving wheel [12]. Time taken for a pulse to reflect back from an obstacle was used as a measure of the 

distance [13]. 

2 WASPAS and Decision Making  

MCDM was used to assess alternatives in order to select a suitable direction with regard to multiple and sometimes conflicting criteria 

[29].  MCDM is recognised as a significant branch of operational research and decision-making theory[1-4].  It is a group of processes 

and methods through which multiple and conflicting criteria can be incorporated into a decision-making process. In addition, MCDM 

can be thought of as a systematic process to analyse and choose between various options. MCDM splits a problem into smaller parts, 

analyses each part, and then aggregates the parts to choose the best answer from a set of answers using predefined criteria.  MCDM 

helps decision makers solve conflicting real-world multi-criteria problems, and to seek out a best-fit solution from a set of solutions 

within certain, fuzzy, uncertain, and risky situations [30]. Durbach and Stewart [31] said that all multi-criteria methods can improve 

decision-making by deconstructing the assessment of the alternatives into the conflicting criteria. 

The Weighted Aggregated Sum Product ASsessment (WASPAS) method could be considered as a blend of the two MCDM 

methods: the Weighted Sum Model (WSM) and the Weighted Product Model (WPM). Chakraborty [32] claimed that due to WASPAS 

mathematical straightforwardness, and fitness to provide more accurate outcomes than WSM and WPM it has been widely used and 

recognised as a reliable MCDM method.  

WASPAS considers a quantitative deterministic performance measures and an ordinal preference structure to provide a total 

order ranking for a discrete set of alternatives. 

According to Chakraborty [32] for a problem with a set of n criteria and m alternatives, WASPAS calculated the overall 

score of alternative i (Qi), using equations 1 - 3: 

Qi = λ Qi
1 + (1 – λ) Qi

2 = λ ∑ 𝑥′𝑛
𝑗=1 ij . wj + (1 – λ)  ∏ (𝑥′𝑛

𝑗=1 ij)w (1) 

Where: 

x’ij: Normalized performance measure of alternative i with respect to criterion j, and 1 < i ≤ m 

For maximizing criteria  

x’ij = xij / Max xij,    (2) 

 

Where Max xij is the largest j-th criterion value.  

 

For minimizing criteria  

x’ij = Min xij / xij,     (3) 

 

Where Min xij is the smallest j-th criterion value. 

wj: Weight importance of criterion j, and 1 < j ≤ n, 0 < wj ≤ 1 and ∑ 𝑤𝑛
𝑗=1 j = 1.  

 

λ could take any value between (0,1), 0 ≤ λ ≤ 1, if λ = 0 WASPAS method is transferred to WPM, if λ = 1 WASPAS method is 

transferred to WSM. 

Alternatives are ranked based on the value of Qi, the best alternative have the highest Q value. WASPAS could assist decision 

makers in identifying the alternative that provided a best compromise from available alternative set according to criteria preference. 

In the work presented in this paper, λ value was set to 0.5. 

3 Testing 

This paper 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 cases were considered as examples of the powered wheelchair moving through an environment. 

 

• Case 1: No obstacle detected. 

• Case 2: Obstacle detected to the right. 

• Case 3: Obstacle detected to the left. 



 

Five alternatives were considered based on the sensors’ readings: Move left in a 90⁰ angle, move left in a 45⁰ angle, move forward, 

move right in a 45⁰ angle and move right in 90 ⁰ angle. Scores for each alternative were set and are shown as a decision matrix in 

table 1.  

Table 1. Decision matrix for powered wheelchair. 

                Criteria 

Alternative 

Dl Dc Dr 

A1: Move left 90⁰ 0.4 0.3 0.15 

A2: Move left 45⁰ 0.05 0.2 0.5 

A3: Move forward 0.05 0.1 0.15 

A4: Move right 45⁰ 0.4 0.3 0.15 

A5: Move right 90⁰ 0.05 0.2 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. 

Case 1: No obstacle was in the sensors range and all distances were set to DISTANT. WASPAS was applied were three criteria 

and five alternatives were considered, all criteria had the same weight and were set to DISTANT. WASPAS provided the following 

ranking of alternatives: A3 > (A2 = A4) > (A1 = A5).The overall score of the alternatives were: A1= 0.133, A2 = 0.191, A3 = 0.245, A4 

= 0.191 and A5 = 0.133. The surrounding environment of the powered wheelchair is shown as a Radar chart in figure 2. 

 

 
Fig. 2. Radar chart showing the surrounding environment of the powered wheelchair with no obstacles detected. 

Converting the overall scores of the alternatives to vectors magnitudes to create a graphical representation of WASPAS method as 

shown in figure 3. It was used to provide a direction for the wheelchair, shown as a thick black line that represented the resultant 

vector as shown in figure 4.  

 



 
Fig. 3. Vector representation of alternatives using WASPAS method, no obstacles detected. 

 

 
 

Fig. 4. Resultant vector representing the suggested direction of a powered wheelchair, no obstacles detected. 

 

Case 2: One obstacle was detected to the left of the wheelchair Dl was set to ADJACENT, Dc was set to NEARBY and Dr was set to 

DISTANT. WASPAS was applied were three criteria and five alternatives were considered, criteria weights were normalized as shown 

in table 2. 

Table 2. Normalized criteria weights 

Criteria name Normalized weight 

Dl 0.125 

Dc 0.25 

Dr 0.625 

 

 

WASPAS provided the following ranking of alternatives: A4 > A5 > A3 > A2 > A1.The overall score of the alternatives were: A1= 

0.079, A2 = 0.143, A3 = 0.22, A4 = 0.243 and A5 = 0.226. The surrounding environment of the powered wheelchair is shown as a 

Radar chart in figure 5. 

 



 
Fig. 5. Radar chart showing the surrounding environment of the powered wheelchair with one obstacle detected to the left. 

 

Converting the overall scores of the alternatives to vectors magnitudes to create a graphical representation of WASPAS method as 

shown in figure 6. It was used to provide a direction for the wheelchair, shown as a thick black line that represented the resultant 

vector as shown in figure 7.  

 
Fig. 6. Vector representation of alternatives using WASPAS method, one obstacle detected to the left. 



 
Fig. 7. Resultant vector representing the suggested direction of a powered wheelchair, one obstacle was detected to the left. 

 

 

Case 3: One obstacle was detected to the right of the wheelchair Dl was set to DISTANT, Dc was set to NEARBY and Dr was set to 

ADJACENT. WASPAS was applied were three criteria and five alternatives were considered, criteria weights were normalized as 

shown in table 3. 

 

 

Table 3. Normalized criteria weights 

Criteria name Normalized weight 

Dl 0.625 

Dc 0.25 

Dr 0.125 

 

 

WASPAS provided the following ranking of alternatives: A2 > A1 > A3 > A4 > A5.The overall score of the alternatives were: A1= 

0.226, A2 = 0.243, A3 = 0.22, A4 = 0.143 and A5 = 0.079. The surrounding environment of the powered wheelchair is shown as a 

Radar chart in figure 8. 

 
Fig. 8. Radar chart showing the surrounding environment of the powered wheelchair with one obstacle detected to the left. 



 

Converting the overall scores of the alternatives to vectors magnitudes to create a graphical representation of WASPAS method as 

shown in figure 9. It was used to provide a direction for the wheelchair, shown as a thick black line that represented the resultant 

vector as shown in figure 10.  

 

 
Fig. 9. Vector representation of alternatives using WASPAS method, one obstacle detected to the left. 

 
Fig. 10. Resultant vector representing the suggested direction of a powered wheelchair, one obstacle was detected to the left. 

4 Discussion and Conclusions 

A MCDM method was used to suggest a speed and direction for a wheelchair. The output from the MCDM method improved driving 

by reducing the number and severity of collisions.  Disabled drivers could often use their skill to safely control their wheelchair, but 

the sensors tended to be more accurate and repeatable and compensated for any lack of ability, awareness, or misunderstanding. 

This research combined autonomy and human driving skill with system intervention if needed.  When a wheelchair user moved 

through complicated or varying environments then the sensors tended to provide better decision-making and decisions about directions 

to take. 

The architecture described in this paper successfully used the outcome of a MCDM method to suggest a best compromised 

direction for a powered wheel chair and avoided obstacles. 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. 

WASPAS was successfully used for collision avoidance. The method proved to be safe. It was effective and straightforward in 

assisting users with steering their powered wheelchair. It can successfully help users by promptly identifying obstacles and then 

steering around them safely. If a driver continually indicated that they wanted to drive towards an obstacle (for example to reach 

something on a shelf) then a user could over-rule the MCDM scheme.  

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 and the Analytical Hierarchy Process to other decisions. A framework for the 

intelligent selection of MCDM methods has been created [4] and analysing the behaviour of 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 trialled 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.” [33]. 

Future (and some current) research is investigating ways for the system to learn and how to mix AI tools [34,35] to use different 

AI tools to best effect.  Specifically, Fuzzy networks [36-39], Rule Based Systems [40-42], Blackboard Systems [43-45], Expert 

Systems [46-48] and artificial neural networks [49,50]. 

References 

1. Haddad, MJM. Sanders, D.: Selection of discrete multiple criteria decision making methods in the presence of risk and uncertainty.  Operational 

Research Perspectives. DOI: 10.1016/j.orp.2018.10.003 (2018).   

2. Ishizaka, A., Siraj, S.: Are multi-criteria decision-making tools useful? An experimental comparative study of three methods, EJOR, vol. 264, 

pp. 462–471 (2018). 

3. Haddad, M., Sanders D.: Selecting a best compromise direction for a powered wheelchair using PROMETHEE II.  IEEE Trans Neural Systems 

and Rehab Eng (2019). 

4. Haddad, M., .Sanders, DA., Bausch, N., Tewkesbury, G., Gegov, A., Hassan, MG.: Learning to make intelligent decisions using an expert 

system for the intelligent selection of either PROMITHEE II or the Analytical Hierarchy Process, IEEE Proceedings of the SAI Conference on 

Intellisys., London, U.K. pp. 662 – 668 (2018). 

5. Stott, I., Sanders, D.: A new prototype intelligent mobility system to assist powered wheelchair users.  Industrial Robot 26 (6), 466-475 (1999). 

6. Goodwin, MJ., Sanders DA., Poland GA.: Navigational assistance for disabled wheelchair-users.  Euromicro Conference 95 Volume: 43 73-79 

(1997). 

7. Stott, I., Sanders, D.: New powered wheelchair systems for the rehabilitation of some severely disabled users.  Int’ Journal of Rehabilitation 

Research 23 (3), 149-153 (2000). 

8. Sanders, D., Langner, M., Tewkesbury, GE.: Improving wheelchair-driving using a sensor system to control wheelchair-veer and variable-

switches as an alternative to digital-switches or joysticks.  Industrial Robot 37 (2), 157-167 (2010). 

9. Stott, I., Sanders, D.: The use of virtual reality to train powered wheelchair users and test new wheelchair systems.   Int Journal of Rehab 

Research 23 (4), 321-326.  (2000). 

10. Sanders, DA., Bausch, N.: Improving Steering of a Powered Wheelchair Using an Expert System to Interpret Hand Tremor. Proc of Intelligent 

Wheelchairics and Applications (Icira 2015), Pt Ii, vol. 9245, pp. 460-471 (2015).  

11. Sanders, DA.: Using self-reliance factors to decide how to share control between human powered wheelchair drivers and ultrasonic sensors, 

IEEE Transactions on Neural Systems and Rehabilitation Engineering, vol. 25, no. 8, pp. 1221-1229 (2017). 

12. Sanders, D., Tewkesbury, GE., Stott, IJ., Robinson, DC.: Simple expert systems to improve an ultrasonic sensor-system for a tele-operated 

mobile-robot.  Sensor Review Volume: 31 Issue: 3 246-260 (2011). 

13. Sanders, DA., Graham-Jones, J., Gegov, A.: Improving ability of tele-operators to complete progressively more difficult mobile robot paths 

using simple expert systems and ultrasonic sensors.  Industrial Robot-an International Journal 37 (5), pp: 431-440. (2010). 

14. Sanders, DA.: Non-Model-Based Control of a Wheeled Vehicle Pulling Two Trailers to Provide Early Powered Mobility and Driving 

Experiences.  IEEE Transactions on Neural Systems and Rehabilitation Engineering 26 (1), 96-104 (2018). 

15. Sanders, DA., Sanders, HM., Gegov, A., Ndzi, D.: Rule-Based System to Assist a Tele-Operator with Driving a Mobile Robot.  Proc’ SAI 

Intelligent Systems Conference (Intellisys) 2016, Vol 2 – 16, 599-615 (2018). 

16. Erwin-Wright, S., Sanders, D., Chen, S.: Predicting terrain contours using a feed-forward neural network. Engineering Applications of Artificial 

Intelligence 16 (5-6), 465-472 (2003). 

17. Sanders, DA., Baldwin, A.: X-by-wire technology. Total Vehicle Technology Conference, 3-12 (2001). 

18. Parhi, DR., Singh, M. K.: Rule-based hybrid neural network for navigation of a wheelchair. Proc. IMechE Part B: J. Engineering Manufacture, 

vol. 224, 11103 – 1117 (2009). 

19. Sanders, DA.: The modification of pre-planned manipulator paths to improve the gross motions associated with the pick and place task.  Robotica 

13, 77-85. 1995. 

20. Sanders, D.: Comparing ability to complete simple tele-operated rescue or maintenance mobile-robot tasks with and without a sensor system. 

Sensor Review 30(1), 40-50 (2010). 



21. Sanders, DA., Langner, M., Gegov, A., Ndzi, D., Sanders HM., Tewkesbury GE.: Tele-operator performance and their perception of system 

time lags when completing mobile robot tasks, Proc 9th Int Conf on Human Systems Interaction, pp. 236-242 (2016). 

22. Sanders, D.: Comparing speed to complete progressively more difficult mobile robot paths between human tele-operators and humans with 

sensor-systems to assist.  Assembly Automation 29 (3), 230-248 (2009). 

23. Sanders, DA., Stott, I., Robinson, DC., Ndzi D.: Analysis of successes and failures with a tele-operated mobile robot in various modes of 

operation.  Robotica 30, 973-988 (2012). 

24. Sanders, DA., Ndzi,, D., Chester, S., Malik, M.: Adjustment of Tele-Operator Learning When Provided with Different Levels of Sensor Support 

While Driving Mobile Robots.  Proceedings SAI Intelligent Systems Conference 2016, Vol 2 -16, 548-558 (2018). 

25. Sanders, DA., Tewkesbury, GE.: A pointer device for TFT display screens that determines position by detecting colours on the display using a 

colour sensor and an Artificial Neural Network.  Displays 30 (2), 84-96 (2009). 

26. Sanders, D.: Environmental sensors and networks of sensors. Sensor Review 28 (4), 273-274 (2008). 

27. Stott, IJ., Sanders, DA., Goodwin, MJ.: A software algorithm for the intelligent mixing of inputs to a tele-operated vehicle.  Euromicro 

Conference 95, Volume: 43, 67-72  (1997). 

28. Sanders, D.: Analysis of the effects of time delays on the teleoperation of a mobile robot in various modes of operation. Industrial Robor 36 (6), 

570-584 (2009). 

29. Ishizaka, A., Siraj, S.: Are multi-criteria decision-making tools useful? An experimental comparative study of three methods. EJOR, vol. 264, 

pp. 462–471, (2018). 

30. Raju, K. and Kumar, D.: Irrigation Planning using Genetic Algorithms. Water Resource Management 18,  163 – 176, (2004). 

31. Durbach, I., Stewart, T.: Modeling uncertainty in multi-criteria decision analysis. European Journal of Operational Research 223, 1-14, (2012). 

32. Chakraborty, S., Zavadskas, E. K., Antucheviciene, J.: Applications of WASPAS Method as a Multi-Criteria Decision-Making Tool. Economic 

computation and economic cybernetics studies and research / Academy of Economic Studies 49(1), 5 – 22, (2015). 

33. Sanders, D., Gegov, A.: Using artificial intelligence to share control of a powered-wheelchair between a wheelchair user and an intelligent 

sensor system, EPSRC Project 2019 – 2022 (2018). 

34. Tewkesbury, GE., Sanders, DA.: The use of distributed intelligence within advanced production machinery for design applications.  Total 

Vehicle Technology Conference, 255-262 (2001). 

35. Sanders, D., Gegov, A.: AI tools for use in assembly automation and some examples of recent applications, Assembly Automation 33 ( 2), 184-

194 (2013). 

36. Gegov, A., Sanders, DA., Vatchova, B.: Aggregation of inconsistent rules for fuzzy rule base simplification.  International Journal of 

Knowledge-Based and Intelligent Engineering Systems 21 (3), 135-145 (2017). 

37. Gegov, A., Petrov, N., Sanders, D., Vatchova, B.: Modular rule base fuzzy networks for linguistic composition based modelling. International 

Journal of Knowledge-Based and Intelligent Engineering Systems 21(2), 53-67 (2017). 

38. Gegov, A., Gobalakrishnan, N., Sanders, DA.: Rule base compression in fuzzy systems by filtration of non-monotonic rules, Jrnl Intell & Fuzzy 

Sys 27(4), 2029-2043 (2014). 

39. Gegov, A., Arabikhan, F., Sanders, D., Vatchova, B., Vasileva, T.: Fuzzy networks with feedback rule bases for complex systems modelling.  

International Journal of Knowledge-Based and Intelligent Engineering Systems 21 (4), 211-225 (2017). 

40. Sanders, DA., Gegov, A., Ndzi, D.: Knowledge-based expert system using a set of rules to assist a tele-operated mobile robot, in Studies in 

Computational Intelligence, (eds) Y. Bi, S. Kapoor, and R. Bhatia, 2018, 751, Springer, pp. 371-392 (2018).  

41. Gegov, A., Petrov, N., Sanders, D., Vatchova, B.: Boolean matrix equations for node identification in fuzzy rule based networks.  International 

Journal of Knowledge-Based and Intelligent Engineering Systems 21 (2), 69-83 (2017). 

42. Sanders, DA., Sanders, HM., Gegov, A., Ndzi, D.: Rule-based system to assist a tele-operator with driving a mobile robot.  Lecture Notes in 

Networks and Systems, 16, Springer, pp. 599-615 (2018). 

43. Sanders, D.: New method to design large-scale high-recirculation airlift reactors.  Journal of Environmental Engineering and Science 12 (3), 

62-78 (2017). 

44. Sanders, DA., Hudson, AD.: A specific blackboard expert system to simulate and automate the design of high recirculation airlift reactors.  

Mathematic sand computers in simulation 53 (1-2), 41-65 (2000). 

45. Sanders, DA., Hudson, AD., Tewkesbury GE.: Automating the design of high-recirculation airlift reactors using a blackboard framework.  

Expert systems with applications 18 (3), 231-245 (2000). 

46. Sanders, D., Tan, YC., Rogers, I., Tewkesbury, GE.: An expert system for automatic design-for-assembly.  Assembly Automation 29 (4), 378-

388 (2009). 

47. Sanders, D.: Recognizing shipbuilding parts using artificial neural networks and Fourier descriptors, Proceedings of the Institution of Mechanical 

Engineers - Part B- Journal of Engineering Manufacture, vol. 223, no. 3, pp. 337-342 (2009).  

48. Hudson, AD., Sanders, DA., Golding, H., Tewkesbury, GE., Cawte, H.: Aspects of an expert design system for the wastewater treatment 

industry.  Journal of Systems Architecture 43 (1-5), 59-65 (1997). 

49. Sanders, DA., Lambert, G., Pevy, L.: Pre-locating corners in images in order to improve the extraction of Fourier descriptors and subsequent 

recognition of shipbuilding parts.  Proc’ of IMechE Part B-Jrnl of Eng manufacture 223 (9), 1217-1223 (2009). 

50. Sanders, DA., Haynes, BP., Tewkesbury, GE., Stott, IJ.: The addition of neural networks to the inner feedback path in order to improve on the 

use of pre-trained feed forward estimators.  Mathematics and Computers in Simulation 41 (5-6), 461-472 (1996). 

 


