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Global disability
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About 15% of the world's population lives with some form of disability [2011 
world report of the World Health Organization]

Disabled population is on the rise due to mainly aging



Context: PAWs

Number of people with reduced mobility is increasing in aging societies.

Power-assisted wheelchairs (PAWs)
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Mohammad et Guerra 2015 Int Patent

PAW: NOMAD & DUO conversion kits 
that transform a manual wheelchair to 
an electric wheelchair

Battery  & 
electronics 
housing

Brushless 
Motors

Control box with 
joystick



Power-Assisted Wheelchair
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What approach or technique 

to design assistive control?

• Advantages:

• Human propulsion and electrical motor propulsion.

• Reduces overuse injuries compared to manual wheelchairs.

• Offers Suitable physical exercise for users compared to fully electrical wheelchairs.

Human-wheelchair system

Mechanical wheelchair dynamics

Highly heterogeneous human
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What Robust control can do
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A novel control framework for Power-Assisted Wheelchairs

With a low manufacturing cost for the larger possible population of disabled persons

Battery

Motor

Hand-rims

What Robust control can do



Using model-based control and model-free control
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Modelling precisely the human, every 
kind of disability and every kind of 
wheelchair would be infeasible!

Highly heterogeneous human behaviours

Model-based automatic control 
enough to deal with:

Option: Model-free reinforcement learning.

ቊ
model−based automatic control

model−free reinforcement learning

Two preliminary studies to see the capabilities and limitations of each 
approach 



1st study: model-based design for PAWs
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• Objective: Use a simplified model of the wheelchair to develop an assistive control

𝜔: longitudinal velocity

𝜑: rotation

𝜃𝑅, 𝜃𝐿: angular velocity of the 

right/left wheel

𝑢ℎ: human input

𝑢𝑚: motor input

Wheelchair

Assistive 

system

𝜃𝑢𝑚

𝜔 𝜑 𝑇Human 

controller

Environment

𝑢ℎ

Human perception



Experience with controller+observer
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Manual mode
Assistance 

mode

𝜔          and 𝜔    𝜔         

𝜔          

Initial mode



Model-based toward to model-free design
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Model-based design

 Reconstructs well the human torques

 Simplified model and inexpensive encoders

 Assistive strategy efficiently helps users to track trajectories

 Performance varies between different users

 Only robust control strategy but no adaptability to a particular user

Model-free design

Objective: See if reinforcement learning is able to provide an efficient adaptability for 
wheelchairs and deal with the high heterogeneous human



Objective with model-free design
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• Heterogeneous human behaviors in the control loop

• Compute a (near)optimal strategy without knowing 
human dynamics:

Model-free reinforcement learning approach!

Assistive Control
Assistance State and reward

Black box



Model model free design
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Objective: See if reinforcement learning is able to provide an efficient adaptability for wheelchairs and deal 

with the high heterogeneous human

1. Not, just, run and learn

2. “Understand” what happens

Thus: Simple task, from simulation to real-time

The electrical energy consumption over a predefined distance-to-go is optimal, while at the same time bringing 

users to a desired fatigue level

“Prove things” with models before testing real-time, methodologies = Lucian

Real-time: proof-of-concept



Reinforcement Learning

13

 1 ,k k kx f x u 
 k ku h x

Edwards and Fenwick 2016

     
1

0

,
K

K k

K k k

k

R T x r x u  




 

 0 0 1 1 1 1K K Kx u x u x u x  Trajectory:

General Return:

 KT xTerminal Reward:

   1, ,kk k k kr uE r x x ux u   

Reward:

 0,1 Discount factor:



Model-free design: Case study
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• Impose distance-to-go or final desired position (knowing initial position):

𝒅 𝑵 = ഥ𝒅

𝑺𝒐𝒇 𝑵 = 𝑺𝒐𝒇

• State of fatigue 𝑆𝑜 ∈ [ , ] (avoids trivial solution) desired 𝑆𝑜 (knowing initial 𝑆𝑜 ):

• Minimize electric energy consumption of motor torque 𝑈𝑚: 
𝟏

𝟐
෍

𝒌=𝟎

𝑵−𝟏

𝑼𝒎
𝟐 𝒌



Finite-Horizon criterion
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subject to human dynamics and wheelchair dynamics.

• Finite-horizon return 𝑅 to maximize:
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Objective with model-free design
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• Heterogeneous human behaviors in the control loop

• Compute a (near)optimal strategy without knowing 
human dynamics:

Model-free reinforcement learning approach!

Reward



Simulation setup: Coarse modelling
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𝑑 𝑘 +  
𝑣 𝑘 +  

= 𝓐
𝑑 𝑘
𝑣 𝑘

+ 𝓑 𝑢𝑚 𝑘 + 𝑢ℎ 𝑘

• Wheelchair dynamics:

Distance 𝑑

Velocity 𝑣

Motor torque 𝑈𝑚 +

human torque 𝑈ℎ



Representative human fatigue
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• Human fatigue dynamics

Maximum available force 𝐹𝑚: 

𝐹ℎ: human input; ℛ: Recovery coefficient; ℱ: Fatigue coefficient

Fatigue Recovery

ሶ𝐹𝑚 𝑡 =  
ℱ𝐹ℎ 𝑡

𝑀𝑣𝑐
𝐹𝑚 𝑡 + ℛ 𝑀𝑣𝑐−𝐹𝑚 𝑡

𝑺𝒐𝒇

𝑺𝒐𝒇

Too much exercise

Too little exercise

State of Fatigue is normalized of 𝐹𝑚 :

𝑺𝒐𝒇 𝒕 =
𝑀𝑣𝑐  𝐹𝑚 𝑡

𝑀𝑣𝑐  𝐹 𝑞
 ≤ 𝑆𝑜 𝑡 ≤  

𝑀𝑣𝑐 ≥ 𝐹𝑚 ≥ 𝐹 𝑞

Fayazi, S. 2013



Human Controller
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• Proportional velocity tracking controller:

• Human motivation ℳ 𝑆𝑜 , 𝑈𝑚

𝐹ℎ 𝑘 = 𝐾𝑝 𝑉𝑚𝑎𝑥ℳ 𝑣 𝑘

Ronchi et al. 2016 



Reinforcement learning
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Model-Free 

Reinforcement Control

Assistance

(+policy exploration)

State Return 𝑅

Black box
max
𝑈𝑚

𝑅 =  𝑤1 𝑤2

𝑑 𝑁  ҧ𝑑
2

𝑆𝑜 𝑁  𝑆𝑜 
2  
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,
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    motor torque
T

k k of kk md v S u U kx k   



Baseline solution: Fuzzy Q-iteration

21

Q function measures the quality of the state-action pair:

𝑄𝑘
𝜋 𝑥𝑘 , 𝑢𝑘 = 𝛾𝑘𝑟 𝑥𝑘 , 𝑢𝑘 + 𝛾𝑘+1𝑟 𝑥𝑘+1, 𝑢𝑘+1 +⋯+ 𝛾𝐾−1𝑟 𝑥𝐾−1, 𝑢𝐾−1 + 𝛾𝐾𝑇 𝑥𝐾

for 𝑘 = 𝐾   ,… ,  and ∀𝑥 ∈ 𝑋, ∀𝑢 ∈ 𝑈

𝑸∗  → 𝒖∗

𝑄𝐾
 𝜋𝑄𝐾−1

 𝜋…𝑄0
 𝜋 𝑄1

 𝜋

𝑘

Use multi-linear interpolations to approximate the optimal time-varying Q function:

Buşoniu et al., 2010, Bertsekas et al., 1995
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Baseline solution: Fuzzy Q-iteration
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Optimality proof (Finite horizon):

If the reward function 𝑟, the terminal function 𝑇, and the deterministic state transition function 𝜉
are Lipschitz-continuous,

the approximation error of Q-function is upper bounded by a linear function of the approximation

resolution.

𝑄𝐾
 𝜋𝑄𝐾−1

 𝜋…𝑄0
 𝜋 𝑄1

 𝜋

𝑘

Buşoniu et al., 2010, Bertsekas et al., 1995



• Policy search RBF:

• Goal: search best control parameters λ∗

Reinforcement learning
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Model-Free 

Reinforcement Control

Assistance

(+policy exploration)

State Return 𝑅

Black box
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Policy search RBF:

GPOMDP: Initialize

For  

Generate       trajectories     of length K using 

learning rate 

End for

GPOMDP: Gradient Partially Observable Markovian Decision Processes
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Policy search RBF:

GPOMDP: Initialize

For  

Generate       trajectories     of length K using 

learning rate 

End for
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GPOMDP: Gradient Partially Observable Markovian Decision Processes



Policy search RBF:

GPOMDP: Initialize

For  

Generate       trajectories     of length K using 

learning rate 

End for
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GPOMDP: Gradient Partially Observable Markovian Decision Processes
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PoWER (Policy learning by Weighting Exploration with the Returns)
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𝐿  ′ =  𝐷 𝑝 𝜏 𝑅 𝜏 ||𝑝 ′ 𝜏𝐿  ′ = න𝑝 𝜏 𝑅 𝜏 log
𝑝 ′ 𝜏

𝑝 𝜏 𝑅 𝜏
𝑑𝜏Maximize:

Maximize:  𝐷 𝑝 𝜏 𝑅 𝜏 ||𝑝 ′ 𝜏

Minimize the distance of 𝑝 𝜏 𝑅 𝜏 and 𝑝 ′ 𝜏

𝜏∗

𝑅 𝜏

𝑝 𝜏

𝜏

𝑝 ′ 𝜏

A lower bound on the expected rewards:

Operator 𝐷 Kullback–Leibler divergence: Measure the distance of two distributions

Kober and Peters 2009 
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PoWER (Policy learning by Weighting Exploration with the Returns)
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GPOMDP vs PoWER
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2 configurations of policy approximation for each 
approach.

• 25 basis functions 

• 200 basis functions

Mean value along with a 9 % confidence interval 
calculated for 10 independent simulations is given 
(each simulation with 400 trials)

Fuzzy Q-iteration
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GPOMDP-25 provides 12.7% less return than Fuzzy Q-iteration!

PoWER-25 has a similar return as Fuzzy Q-iteration and learns much faster.

GPOMDP-25 vs PoWER-25  

Test the adaptability of PoWER-25 to different fatigue dynamics

400 trials and 8000 trials are performed to learn the parameter vectors λ𝑃 (PoWER-25) and 
λ𝐺(GPOMDP-25), respectively.

Since GPOMDP has a lower data efficiency, more trials are needed to provide a good behaviour.



Adaptability – PoWER-25
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ℱ′ =
 

𝛈
ℱ; ℛ′ = 𝛈ℛ; 𝑀𝑣𝑐

′ = 𝛈𝑀𝑣𝑐

To represent various human fatigue dynamics:

Different initialization of the policy:

- Initialized with the parameters learned 
from the nominal model

- Initialized to zero by default

Stronger 𝜼 = 2

Weaker 𝜼 =
1

2

𝜼   exhausted slower, recover fast, Max force bigger



Adaptability
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ℱ′ =
 

𝛈
ℱ; ℛ′ = 𝛈ℛ; 𝑀𝑣𝑐

′ = 𝛈𝑀𝑣𝑐

To test different human fatigue dynamics

Zero: Initialization to zero

Nominal: Initialization with the nominal model.

/ represents situations where the learning 

algorithm fails to converge to the 90% of the 

baseline return within 400 trials. 

Number of trials to 

90% of baseline

return

Nominal Zeroη

8 39 37

4 33 56

3 47 34

2 48 65

1/2 10 /

1/3 198 /

1/4 37 /

1/8 30 /

Stronger 

Weaker



Simulation towards real world
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Model-Free 

Reinforcement Control

Assistance

(+policy exploration)

State Return 𝑅

Simulations show the efficient adaptability of 
PoWER regards to different fatigue dynamics 

Human dynamics is unknown in practice

Proof-of-concept validation (almost 
everything unknown)



Model-free design: proof-of-concept validation
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𝑟𝑘 =  𝑤 1 𝑣𝑘  𝑣   𝑘

2
 𝑤 2𝐼𝑘

2  𝑤 3𝑈𝑘
2

𝑈𝑘 =  1 𝑣𝑘  𝑣   𝑘
+  2෍

𝑖=0

𝑘

𝑣𝔦  𝑣   𝔦
+  3𝐼𝑘 +  4෍

𝑖=0

𝑘

𝐼𝔦   5𝐹ℎ𝑘𝜍

User returns his feeling via a joystick 𝐼 = ቐ
 
 
  too tired

insufficiently tired (is willing to exercise more)

comfortable

Policy parametrization:

Scenario: follow a given reference velocity 𝑣   (same straight flat road for each trial):



Model-free design: proof-of-concept validation
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0 5 10 15 20 25

Rollout

-800

-700

-600

-500

-400

-300

-200

-100

R
et

u
rn

Return

Return for 24 trials: repeated conditions, same user

Enough to “learn” 

Unstable: very low return



Model-free design: proof-of-concept validation
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Beginning After training



To go on
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Human feedback 
(button)

Wheelchair

Reference 
generation

Model-based control

Learning algorithm

Human
𝑢ℎ

𝑢𝑚

𝜃

𝜑   

𝜔   

Learning-control approach: learning the optimal parameters of the reference 
generation according to the user (high level control). 

Model-based control to track the trajectory desired by the user (low level control).
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Thanks
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