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Abstract—Wearable robots have been introduced to 

occupational workers to assist work. These devices have usually 

adopted a generic assistance strategy, which does not fit on each 

user. In this work, it is pursued to develop a personalized 

assistance method in repetitive squatting tasks with an Ankle-

Foot Orthosis (AFO). We will use the Human-in-the-Loop (HIL) 

optimization of AFO with physiological signals to optimize the 

AFO control parameter set. In this optimization process, 

metabolic estimation from muscle synergies is adopted for 

enhancing optimization speed and minimizing the dimension of 

signals. We first validated the muscle synergy as a proxy 

measure of the metabolic cost. Based on our initial results for 

the personalized assistance method with muscle activities, 

Human-in-the-loop optimization step will proceed. 
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I. INTRODUCTION  

The wearable robot technology, such as an exoskeleton, 

has emerged and been expected to boost users’ performance 

[1,2]. Notably, it is promising not only in a physically 

demanding area but also in tedious and repetitive 

workspace, such an area where workers repetitively lift and 

squat. However, the general assistance methods applied to 

the conventional wearable robots do not perfectly fit 

individual users, so the need for personalized assistance 

methods is inevitable. Human-in-the-loop (HIL) 

optimization quenches our thirst for personalized assistance 

[3]. Nonetheless, conventional cost measure in HIL 

optimization, metabolic cost, challenges the optimization 

due to its slow sample speed and delay. To surmount these 

drawbacks, muscle activities were introduced to estimate 

metabolic effort [4], and synergies were adopted to 

minimize the dimension of the muscle activity signals [5].  

The lift-related work can be assisted lumbar or hip 

exoskeletons as well as ankle exoskeleton [6]. The goal of 

this research is to optimize AFO control parameters for each 

user using physiological signals, including muscle synergies 

and metabolic estimation. 

II. METHODS 

This research can be distinguished into two distinct steps. 
The first step is parameter identification, and the second step 
is the HIL optimization step, as shown in Fig 1. 

In the parameter identification step, muscles synergy 
weight matrix (𝑊ℎ , 𝑊𝑟 , 𝑊𝑟ℎ)  and metabolic estimate 
parameters are identified(𝜏, 𝛽, 𝑡𝑑𝑒𝑙𝑎𝑦)  shown in Fig 1. (a). 

𝑊ℎ, 𝑊𝑟 , 𝑊𝑟ℎ  respectively stand for human muscle synergy, 
robot synergy, and human-robot synergy matrix. 𝜏, 𝛽, and  
𝑡𝑑𝑒𝑙𝑎𝑦 is the rise time constant, rise/decay ratio, and time delay 

of EMG signals. In this step, subjects are required to squat two 
times for 2 min with 5 min rest in between. We collected 
muscle activity (EMGs) data from eight muscles, metabolic 
cost, ankle angle data. After data acquisition, muscle 
synergy(𝑊ℎ) and robot synergy (𝑊𝑟) are acquired by the non-
negative matrix factorization algorithm  (nnmf). Human-robot 
synergy matrix(𝑊𝑟ℎ) is obtained by ridge regression from 𝑊ℎ, 
𝑊𝑟 [5]. Also, the metabolic estimate parameters are searched 

by using a metabolic-estimate transfer function with muscle 
synergies and Patternsearch function in Matlab toolbox [4].  

 In the Human-in-the-loop Bayesian optimization step, we 
optimize the level of torque for each individual by optimizing 
the torque gain parameter, 𝚯 by minimizing expected 
metabolic cost, estimated from muscle synergy.  

III. RESULT & FUTURE WORK 

Fig 2 is the result of an experiment to compare 

metabolic cost and metabolic estimate from muscle 

synergies. The test was conducted with seven squat tasks for 

3min with 7min rest in between. The blue line and green 

line are the metabolic cost and the metabolic estimate during 

each squat task. The lowest correlation between the measure 

and estimate is 0.835, and the highest one is 0.92. It means 

the metabolic estimation is quite decently done. In the 

future, we will proceed to the HIL optimization step and 

discuss the outcome during Dynamic Walking 2020.  
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(c) An experiment to compare 

metabolic estimate and metabolic 

cost during squat tasks. A subject 

was required to alternatively do 

7min rest and 3 min squat tasks. 

The green line is metabolic cost, 

and the blue line is metabolic 

estimate with synergies. The pale 

straight lines are the start and end 

time of squat tasks, and the pale 

curves are total trajectories of 

metabolic cost and estimate. 

Fig 1. Diagrams of two identical 

steps in this experiment.  

 

(a) is parameter identification 

step which searches for the 

following: 

1) synergy matrix 𝑊ℎ , 𝑊𝑟  and 

human-robot-synergy mapping 

matrix 𝑊𝑟ℎ, 

2) metabolic estimate 

parameters.  

 

(b) is HIL optimization step to 

find optimal parameter 𝜃 

minimizing metabolic estimate 

(c)  
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