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Abstract:	The work presented in this paper presents a new collision avoidance system for smart wheelchair steering using a Deep Learning architecture. The system used a 6-layer Artificial Neural Network (ANN) and applied a Rule-based method to create training and testing sets. Three ultrasonic sensors were used to create an array. The sensors measured the distance to the nearest object to the left, right and in front of the wheelchair. Readings from the array were utilised as inputs to the ANN. The system employed Deep Learning to avoid obstacles. The driving directions considered were turn left, spin left, forward, spin right, turn right and stop. The outcome of the new system drove the smart wheelchair away from obstacles. The new system provided reliable results when tested and provided 99.17% training accuracy and 97.53% testing accuracy. The testing confirmed that the new system successfully steered a smart wheelchair away from obstacles. The system can be overridden if required. Clinical tests will be carried at Chailey Heritage Foundation.

1	Introduction
A new collision avoidance system for smart wheelchairs using Deep Learning is presented. The work is part of wider research carried out at the University of Portsmouth and Chailey Heritage Foundation supported by the Engineering and Physical Sciences Council (EPSRC) (Sanders and Gegov, 2018). The aim of the research is to apply AI to powered mobility problems to enhance mobility and improve the quality of life for users with impairments.
The number of people diagnosed with disability worldwide is on the rise. The type of disability is shifting from mostly physical to a more complex mix of physical/cognitive disabilities. New systems to address that shift in disability are required. Smart mobility is becoming more acceptable and useful to support individuals with a disability (Haddad and Sanders, 2020). Smart mobility is expected to revolutionize the quality of life of people with disabilities in the next two decades. Many researchers have presented novel approaches for navigating powered mobility (Sanders et al., 2010; Haddad and Sanders, 2019; Haddad et al., 2019; Haddad et al., 2020a; Haddad et al., 2020b) by creating Human Machine Interfaces (Nguyen et al., 2013; Haddad et al, 2020c; Haddad et al., 2020d; Haddad et al., 2021a), intelligent collision avoidance systems and intelligent controllers(Sanders and Stott, 2009; Langner, 2012; Sanders et al., 2021), sensors and sensor fusion (Larson et al., 2008; Milanes et al., 2008; Sanders and Bausch, 2015; Sanders, 2016; Sanders et al., 2019), Deep Learning (Haddad and Sanders, 2020), expert systems (Sanders et al., 2018; Sanders, 2020), and image processing (Sanders, 2009; Tewkesbury, 2021; Haddad et al., 2021b) and they have analysed the behaviour of powered wheelchair drivers to improve mobility (Sanders, 2009; Sanders et al., 2016; Sanders et al., 2017; Sanders et al., 2019b; Haddad et al., 2020e; Haddad et al., 2020f; Sanders et al., 2020b; Sanders et al., 2020c; Sanders et al., 2021b).
This paper presents a collision avoidance system used to safely steer smart wheelchairs away from obstacles by employing Deep Learning. Section 2 presents the Deep Learning method. Section 3 presents the training and testing of the Deep Learning architecture.
Section 4 presents some testing of the collision avoidance system. Section 5 presents a discussion and some results. Conclusions and future work are presented in Section 6.
2	The New System
A New Deep Learning architecture was created to deliver a collision-free driving route for smart wheelchairs. A three ultrasonic sensor array was created. The sensors detected objects in the wheelchair’s surroundings and calculated the distances from to the nearest object to the right (Dright), in front (Dcentre), and to the left (Dleft) of the wheelchair. The distances from the ultrasonic sensors were considered as inputs to the Deep Learning approach. Three inputs were considered: Dright, Dcentre and Dleft. The new system conducted Deep Learning and provided a safe driving direction for the smart wheelchair based on these distances. The directions considered were turn left, turn right, spin left, spin right, forward and stop.
A new Artificial Neural Network (ANN) was created and used in this paper. The structure of the ANN is shown in figure 1.
The rule-based method was considered to create testing and training sets for the architecture similar to the approach used in Haddad and Sanders (2020). 
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Figure 1: Structure of the ANN.
The ANN consisted of six layers:
1. Input Sequence Layer (3 inputs).
2. Fully Connected Layer.
3. LSTM Layer (100 hidden nodes).
4. Fully Connected Layer.
5. Soft-Max Layer.
6. Classification Layer.
MATLAB was used to create the ANN with 3 input units, 100 hidden-units in the LSTM Layer and 6 output units. An ADAptive Momentum estimation algorithm (ADAM) was used with a learning rate of 0.01 and 100 epochs.
3	TRAINING AND TESTING THE DEEP LEARNING ARCHITECTURE
MATLAB was used to train and test the Deep Learning Architecture. A (5000x4) matrix considered in Haddad and Sanders (2020) was used for testing and training. The matrix was divided into a 3:7 ratio to create testing and training sets respectively.
Figure 2 shows training progress using a learning rate of 0.01 and 100 epochs. As training progressed, training accuracy improved (shown as a blue curve in the upper half of figure 2). Training loss reduced (shown as an orange line in the lower half of figure 2). After completing 100 epochs, the training accuracy increased to more than 99%. The testing accuracy reached 97.53% when tested against the same testing set considered in Haddad and Sanders (2020). Figure 3 shows the confusion matrix generated from testing the architecture against the testing set.
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Figure 2: Screenshot of training progress. Training accuracy is shown as a blue curve (top) increasing and training loss is shown as an orange curve (bottom) decreasing.
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Figure 3: Confusion matrix used to assess the architecture accuracy.
The architecture required 1 minute and 15 seconds to finish 100 epochs with a learning rate of 0.01. The training accuracy reached 99.17%. The architecture achieved 97.53% testing accuracy.


4	TESTING
The trained and tested system was used to deliver a safe driving route for smart wheelchairs using ultrasonic sensor array readings. Three scenarios were examined as a wheelchair drove through an environment with obstacles as shown in figure 4:
      Scenario 1: Nothing detected (Pos. 1 in figure 4).
      Scenario 2: Obstacles detected in front and to the right (Pos. 2 in figure 4).
      Scenario 3: Obstacles detected in front and to the left (Pos. 3 in figure 4).
Six possible outcomes were considered as possible directions for a smart wheelchair: turn left, turn right, spin left, turn right, forward and Stop.
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[bookmark: _Hlk121577900]Figure 4: Smart wheelchair moving in an environment containing obstacles.
4.1	Scenario 1: No Obstacles Detected
At the start of the driving session, no obstacles were detected by the sensors as shown at Pos. 1 in figure 4. The value of Dright = 0.99, Dcentre = 0.99 and Dleft = 0.99.
The collision avoidance system output was “Forward” and shown by a red oval in figure 5.
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Figure 5: Output of the collision avoidance system for Scenario 1.
4.2	Scenario 2: Obstacle Detected in front and to the Right
As the wheelchair drove forward obstacles were detected in front and to the right as shown at Pos. 2 in figure 4. The value of Dright = 0.04, Dcentre = 0.02 and Dleft = 0.99.
The collision avoidance system output was “spin left” and shown by a red oval in figure 6.
[image: Graphical user interface, text, application

Description automatically generated]
Figure 6: Output of the collision avoidance system for Scenario 2.
4.3	Scenario 3: Obstacles Detected in front and to the Left
As the wheelchair moved obstacles were detected in front and to the left as shown at Pos. 3 in figure 4. The value of Dright = 0.99, Dcentre = 0.05 and Dleft = 0.07.
The collision avoidance system output was “spin right” shown by a red oval in figure 7.
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Figure 7: Output of the collision avoidance system for Scenario 3.
5	DISCUSSION AND RESULTS
A new collision avoidance system for smart wheelchairs was created using a Deep Learning approach. Readings from an ultrasonic sensor array were considered as inputs to the Deep Learning approach. A Rule-based method similar to the Rule-based approach used by Haddad and Sanders (2020) was used to create sets used to train and test a new ANN. A 6-Layer ANN was created using MATLAB. MATLAB platform was used to train and test the ANN.
The new Deep Learning architecture achieved 99.17% training accuracy and 97.53% accuracy when tested against the same training and testing sets used by Haddad and Sanders (2020). The new architecture achieved higher accuracy than the architecture used in Haddad and Sanders (2020). Moreover, the new architecture required 42.75% less time to train the new ANN using the same training set, training platform and CPU used in Haddad and Sanders (2020).
The new collision avoidance system was tested. Three scenarios were considered. Readings from the ultrasonic sensor array were considered as inputs to the Deep Learning architecture. The collision avoidance system successfully drove a smart wheelchair away from obstacles and provided a safe route.
6	CONCLUSIONS AND FUTURE WORK
The new collision avoidance system provided successful results when tested and it successfully steered smart wheelchairs away from obstructions. The ultrasonic sensor array measured the distance from the closest object to the left, centre, and right of the wheelchair. Sensor readings were used as inputs for the ANN.
The Deep Learning approach used in this paper provided more accurate results during training and testing than the approach presented in Haddad and Sanders (2020). Moreover, the new system required 42.75% less time to train the ANN against the same training set and using the same platform and CPU used in Haddad and Sanders (2020).
The new system could continuously learn to drive smart wheelchairs in new environments and would introduce some independence and reduce the need for helpers by using other computationally inexpensive and simple Deep Learning architectures.
The user could override the new system if required by holding a joystick or any other input device still in position. User input was combined so that the system would be overridden by the user. If no obstacles were detected, then the smart wheelchair would drive as instructed by a user.
Results showed that the system provided good results. The new system will be tested to meet safety standards before being trialled at Chailey Heritage foundation.
The system presented in this paper used dynamic and simple yet effective AI techniques for smart wheelchair navigation and can be expected to improve reliance and self-confidence, enhance mobility, increase autonomy, and provide a safe route for smart wheelchair users.
Future work will investigate general shifts in impairment from purely physical to more complex mixes of cognitive/physical. That will be addressed by considering levels of functionality rather than disability. New transducers and controllers that use dynamic inputs rather than static or fixed inputs will be investigated. Different AI techniques will be investigated and combined with the new types of controllers and transducers to interpret what users want to do. Smart inputs that detect sounds and dynamic movement of body parts using new contactless transducers and/or brain activity using EEG caps will be considered. The use of mixes of EEG, pre-processing, Fourier transform, and wavelet transforms will be investigated to determine user intentions.
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