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 Abstract—This article presents a progressive compensation 

strategy for gait recovery in patients with different degrees of 

limited knee mobility, based on angular analysis and muscle 

electrical activity, and artificial intelligence. Ten subjects were 

tested during gait on a flat surface simulating 4 conditions of 

limited knee mobility with an active knee brace. Data on the 

amplitude of the electrical signal from 3 leg muscles were 

analyzed: rectus femoris, tibialis anterior, and gastrocnemius. In 

addition to the electromyography sensors, an angular position 

sensor was placed on the knee joint. An artificial neural network 

was trained to identify the type of limitation of each patient in their 

muscle activity. A knee orthosis with a linear actuator was 

designed to compensate for the loss of force during knee flexion-

extension movement, according with limiting condition. The 

actuator trajectory is controlled through a model reference 

adaptive controller with a fuzzy logic-based adaptation 

mechanism. The simulation demonstrates the efficiency of this 

strategy, despite the high-amplitude disturbances in the system. 

 

Link to graphical and video abstracts, and to code: 

https://latamt.ieeer9.org/index.php/transactions/article/view/8957 

 

Index Terms—Adaptive controller, Artificial neural network, 

Knee orthosis, Mobility deficit compensation. 

I. INTRODUCTION 

n addition to accidents, some common diseases 

affect/weaken human gait. To help patients regain lower-

limb mobility, physical therapists must analyse the cause of 

the limitation [1] and define a recovery protocol, including 

therapist-assisted repetitive exercises in early therapy [2]. Some 

mechatronic and robotic devices have been developed to assist 

patients in the phases of the gait cycle [3]. These devices use 

control strategies, human-computer interaction [4], dynamic 

analysis methods [5] according to the specific type of limitation 

both commercially and in research [6]–[8], are available. One 

of the most common control strategies for these devices is 

position control [9], where trajectories are defined by the 

 
 

therapist that establish the mobility capacity of the patient [10], 

after, each time the patient goes to therapy, the same procedure 

is redone, but with some variations depending on his progress 

[11]. To support the work of therapists, artificial intelligence 

and advanced control tools can be incorporated to detect the 

severity of the injury and control the amount of force to be 

applied during rehabilitation exercises. Currently, the automatic 

learning phase has been implemented to the feedback system, 

where safe trajectories are created [12]. Lokomat is one of the 

most used exoskeletons [13] for gait training and balance 

recovery therapies using an impedance control system to 

generate the appropriate trajectory for each patient [14].  

Most gait assistance devices have been tested in healthy 

patients since their positive effects in a clinical setting is 

complicated [15]. However, the findings have been highly 

useful because these devices allow patients to experience 

different mobility patterns, thus helping their nervous system to 

learn trajectories [16]. A key requirement is that the control 

strategies implemented in rehabilitation devices match the 

therapeutic target, understanding each recovery task. In patients 

with mobility problems, diagnosis is highly complex. As such, 

an important control strategy is the use of Electromyographic 

(EMG) signals to interpret human muscle activation [17]. In 

[18], Akdogan et al. designed a knee rehabilitation device with 

a servo motor and with sensors integrating impedance control. 

The study by [19] comprehensively reviews control techniques 

used in lower-limb rehabilitation.  

The main goal of our study is to compensate for muscle 

dysfunction during a gait protocol using a control algorithm by 

comparative analysis between healthy and impaired muscle 

function. For this purpose, a model of lower-limb flexion-

extension motion is presented using muscular electrical activity 

assessed by leg EMG, kinematics and dynamics. This model 

correlates muscle electrical activity, characterised based on the 

Discrete Wavelet Transform (DWT) and on the lower-limb 

angle, with different levels of impairment using an Artificial 

Neural Network. Last, a Model Reference Adaptive Control 

(MRAC) algorithm for human gait dysfunction compensation 

is implemented through a knee orthosis with a degree of 

freedom that assists the flexion-extension motion. A fusion of 

Model Reference Adaptive Control – Proportional Integral 

Derivative – Fuzzy Control (MRAC-PID-Fuzzy) algorithms is 

obtained that use the kinematics and dynamics of the leg, the 

motor model, and the patterns that are extracted from the 

electromyography signals using Artificial Neural Network 

(ANN), progressive and safe movements are generated in 
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people with reduced mobility. 

II. RELATED WORKS AND MOTIVATION 

Control techniques applied to rehabilitation robotic devices, 

reported in the literature [20], have generated great reliable and 

safe results for people, especially considering the force control 

strategy and control techniques such as PID and MRAC. 

Currently, artificial intelligence techniques have been 

implemented in both lower and upper limb robotic devices for 

the process of data analysis and outcome prediction [21].  

Major limitations have been identified in the development 

processes that do not allow the generation of individual 

trajectories for each person and their type of limitation. The 

trajectories used in the control systems are generated by a 

physiotherapist, who, at his discretion, considers and records 

the one that best suits the needs of each person. Broadly 

speaking, it is possible to identify that the autonomy of the 

devices has become one of the great challenges in the area. 

Their autonomy is limited to the energy capacity of the batteries 

and the feedback system that the device has [22]. This makes 

the gait trajectory unnatural, and it becomes repetitive 

movements for the patient, where he, in most cases, does not 

even interact.  

EMG signals are a fundamental part of current control 

systems for the generation of active movements by the patient. 

Their muscle activity is obtained through electrodes when 

contracting and this information is used within a direct 

movement control process [23]. However, it is a topic that has 

not been thoroughly investigated because of the challenges 

involved. EMG signals are very noisy, variable and susceptible 

to external transfers, where, if the necessary techniques are not 

applied, they can be misinterpreted, completely affecting the 

accuracy of the overall device control system [24][25].  

The portability of the device or exoskeleton is still a matter of 

discussion, since its weight, when instrumented, rises and 

generates load for the person. The objective is to find a 

comfortable design that can be used in an unlimited and safe 

way by any person. 

III. SIGNAL ACQUISITION DURING GAIT 

A. EMG Signal Acquisition 

In this study, lower-limb muscles, thighs and legs, which are 

involved in a gait cycle [26], were selected using Surface 

Electromyography for the Non-invasive Assessment of Muscles 

(SENIAM) as a guide [27]. The rectus femoris (RF) muscle 

assists in hip flexion, leg flexion over the thigh, and knee 

extension [28]. The tibialis anterior (TA) muscle stabilises the 

ankle when touching the ground during the stance phase. Last, 

gait propulsion lies in the lateral gastrocnemius (LG) muscle, 

the main motor, which also causes plantar flexion of the foot 

and weakly contributes to leg flexion [29].  

In addition to an angular-position sensor (potentiometer) in 

the knee joint (KJ), EMG electrodes were placed, in differential 

mode, considering the motor point of each muscle, as shown in 

Fig. 1 (a). The ankle is chosen as the reference point. The 

system uses MyoWare muscle sensors to record muscle 

electrical activity. The structure is attached to the body, 

allowing natural and comfortable mobility and avoiding biases 

in data collection as a result of the external agent used for data 

acquisition (see Fig. 1 (b)). The device has built-in amplifier 

and rectifier. The 2.5-cm-wide electrodes are disposable 

(AXELGAARD GEL), requiring no additional conductive gel, 

and universal transcutaneous electrical nerve stimulation 

(TENS)/EMG cables were used to acquire the signal. Using 

four sensors (1 potentiometer and 3 MyoWare muscle sensors), 

the gait cycle is measured starting with the right leg and 

recording four steps. To save the information, the system has a 

LiPo battery and a 3.3V voltage regulator, which feed a STM32 

microcontroller that acquires data from the sensors and 

transmits this information via Bluetooth to the computer to 

generate the database. The signals were normalised from 0 to 1 

as a function of the Maximum Voluntary Contraction (MVC) of 

each muscle, contracting for 5 seconds and raising the limb, and 

taking 60-second breaks, as shown in The ABC of EMG [29]. 

Fig. 2 shows EMG signals acquired for a four-step gait cycle 

for each selected muscle and for the potentiometer, which 

indicates the knee joint angle. The red curve corresponds to the 

signal acquired when the mobility is limited. 

 

 
       (a)                                           (b) 

Fig. 1. Device and electronic instrumentation used: (a) location of the 
electrodes, (b) structure and location of the instrumentation. 

 

 

 

 
Fig. 2. EMG signals obtaining during a knee flexion-extension movement: (a) 

KJ reference trajectory, (b) RF, (c) GL, and (d) TA muscle. 

 

B. Active Knee Support for Simulating Limited Mobility 

A hinge-like active knee support (AKS) [30], attached to the 
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knee (see Fig. 3), generates a variable resistance force to 

through three independent torsion springs to simulate three 

levels of limited gait:   

• Limitation 1: One spring, in the centre. 

• Limitation 2: Two springs, at the ends. 

• Limitation 3: Three springs. 

The torsion constant for each limitation was calculated 

experimentally, finding values of 0.17, 0.28 and 0.36 

[kg∙m/rad], for limitations 1, 2 and 3, respectively. 

 

 
Fig. 3. Hinge-like active knee support with torsion springs. 

 

C. Data Acquisition in the Test Group 

The test group consisted of 10 women aged between 22 and 

28 years, with a mean ± standard deviation of 55 ± 5 kg weight 

and 155 ± 5 cm height. The participants reported that they were 

healthy people and that they had not had injuries or surgeries in 

the previous six months, in accordance with the Declaration of 

Helsinki [31] and local regulations. The inclusion criteria were 

being a woman and over 18 years of age; the exclusion criteria 

were using walking aids, such as crutches and canes, among 

others, being pregnant, and having had surgery in the lower 

limbs, been diagnosed with gait pathologies and altered gait for 

other diseases. Muscle electrical data was recorded from the 

right (dominant) leg of the participants. Data acquisition started 

when the participant began to walk with the right leg and ended 

when completing four steps. The test was performed on a flat 

surface and at a walking speed of approximately 3.6 km/h. The 

participants had to be able to withstand 2 kg, which is the 

combined weight of the data acquisition system and the AKS. 

This speed is lower than the normal gait speed due to the extra 

weight. To collect both angular and EMG data using the device 

that simulates the limitation, each subject completes the 

procedure with each AKS configuration, with 1-hour breaks for 

recovery between sets. After each test, the electrodes are 

removed, performing the cleaning protocol on each participant 

and on the structure. With data from the test group, for a gait 

trajectory (four steps), the effect of the three levels of limitation 

was quantified by measuring the maximum knee joint angle that 

each limitation allows (𝜓𝑖) and the maximum angle at which 

pain is perceived (𝜙𝑖). In addition, the corresponding 

percentages were calculated, setting the angle 𝜓𝑁=107.2 

(without limitation) to 100%. Last, the maximum increase 𝜇𝑖 

which would avoid pain was calculated. The means are 

summarized in Table I. The value of 𝜇𝑖 was rounded to simplify 

its application in the controller. 

The more severe the limitation is, the smaller the increase that 

can be applied in the progressive recovery trajectory of normal 

gait will be. Fig. 4 (a) shows the normal trajectory of the knee 

joint, which was used as a reference to generate the trajectories 

with limitation. Fig. 4 (b, c and d) show the trajectories for each 

limitation and knee joint (KJ) angle, expressed as 𝜓𝑖  percentage 

(red lines), and the maximum trajectories before perceiving 

pain, expressed as 𝜇𝑖 percentage (blue lines) that will be used 

during the progressive recovery stage, which will allow the 

patient to exert herself to the maximum without pain. 

 

TABLE I 

ANGULAR DISPLACEMENT OF KNEE JOINT  
 𝝍𝒊 [%] 𝝓𝒊 [%] 𝝁𝒊 = 𝝓𝒊 − 𝝍𝒊 [%] 

No limitation (𝝍𝑵) 100 - - 

Limitation 1 65.9 81.3 ~ 16 

Limitation 2 57.3 69.6 ~ 12 

Limitation 3 52.2 60.7 ~ 7 

 

 
Fig. 4. Trajectory ranges per constraint to generate the maximum allowable 

progression: (a) Normal, (b) limitation 1, (c) limitation 2, (d) limitation 3. 

III. EXPERIMENTAL SETUP 

A. Neuronal Network Training 

An ANN is a graph that mimics a brain in a simplified way. A 

neuron has several inputs, but only one output, representing a 

primitive model of biological neurons [32]. The ANN have 

been used successfully in classification problems with strongly 

nonlinear data. In mathematical terms, a neuron can be 

described by: 

 

             𝑦 = 𝜑(∑ 𝑤𝑗𝑥𝑗 + 𝑏𝑛
𝑗=1 )                             (1) 

 

where 𝑥𝑗 are the n input signals; 𝑤𝑗  are the n synaptic weights 

of the neuron, 𝑏 is the bias, φ is the activation function and 𝑦 is 

the output signal. To determine the synaptic weights 𝑤𝑗 , the 

ANN is trained with a set of known input and output values.  

For ANN training the most widely used algorithm is 

backpropagation, which, valid iteratively changes the weights 

values using the magnitude of the partial derivative of the error: 

∆𝑤𝑖𝑗(𝑡) = 𝛼𝑋𝑖(𝑡)𝛿𝑖(𝑡)                         (2) 
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where 𝛼 represents the learning rate, 𝑋𝑖(𝑡) are the inputs that 

propagate back to the i-th neuron at time 𝑡, and 𝛿𝑖 is the 

corresponding error gradient.  

Effective training with ANNs is traditionally known for large 

amounts of data, but by making use of strategies, when the 

amount of data is limited, it is feasible to occupy them without 

overfitting the data. In this research, a simple ANN is 

configured as presented in Fig 5, with as few neurons as 

possible, thus avoiding overfitting. 

The DWT is used to extract the information patterns of each 

of the EMG signals of people, both in the time and frequency 

domains, doing a real time analysis. 

An ANN is used to identify the level of gait limitation of each 

test subject. The inputs are data extracted from the KJ 

potentiometer signals and from the EMG signals of the three 

muscle, a DWT is applied to each signal for compression. 

Therefore, a number of 8 DWT coefficients will be the input 

values of the ANN. For training, the ANN outputs will be the 

binary codes for the four types of gaits, as outlined in Table II. 

Considering that, for each subject in the test group, 4 signals 

were taken, corresponding to the RA, TA and LG muscles and 

the knee joint (KJ) angle and that the subjects can be classified 

into 4 classes, a vector is constructed whereby each subject 

labelled with a class has 32 characteristics, which is the product 

of the 8 coefficients of the 4 signal sources. For example, Table 

II outlines the 32 characteristics assessed in a test subject, 

through the DWT applied to one of the 4 signals. The 4 classes 

in Table III were simulated for each test subject, thereby 

totalling 40 data sets (as in Table II) for ANN training. The 

signals, now compressed using DWT, were classified by ANN 

configuration using the R Neuralnet package [33]. The resulting 

ANN model is shown in Fig. 5.  

 

TABLE II 

BINARY CODES BY LIMITATION TYPE 
Class Codification Binary code 

Normal 1 1 0 0 0 

Limitation 1 2 0 1 0 0 

Limitation 2 3 0 0 1 0 
Limitation 3 4 0 0 0 1 

 

 

TABLE III 

COEFFICIENTS ESTIMATED USING DWT FOR ONE TEST SUBJECT 
  KJ RF TA GL 

C1 14.128 0.087 0.145 0.572 

C2 26.280 0.174 0.103 0.420 

C3 49.002 0.305 0.279 0.494 

C4 52.335 0.337 0.333 0.272 

C5 58.230 0.252 0.226 0.699 

C6 80.123 0.212 0.428 0.248 

C7 25.599 0.069 0.290 0.403 

C8 94.399 1.590 0.884 1.958 

 

 
Fig. 5. ANN layers and input/output neurons. 

 

 

The graph has 32 input neurons representing 8 DWT 

coefficients for each signal multiplied by 4 signals from the 3 

MyoWare sensors and from the angular-position sensor. In total, 

3 hidden layers are configured, the first layer with 20 nodes and 

the second and third layers with 10 nodes each. Last, 4 output 

neurons represent the 4 classes of the classifier (Normal, 

limitation 1, limitation 2 or limitation 3). Thus, a 40x32 data 

matrix was used to train and validate the ANN model, 

representing 40 objects, each of which with 32 characteristics 

and 4 values for class encoding.  

Using R software’s Caret package [34], the data set is 

partitioned into a training set (75%) and a test set (25%). In 

general, different runs were carried out varying some 

parameters, arbitrarily in order to obtain the best fit of the 

network and optimize the results based on the training data. The 

accuracy of the system is defined by the test percentage. The 

logistic activation function is selected considering the search 

for an approximation to a value and not a classification. Table 

IV presents the final configuration for the validation of all the 

data obtained in the experimentation stage.  

The parameters were tuned through successive 

approximations observing the error obtained. The task of 

classifying or identifying the limitation level was performed at 

90% accuracy. From this model, evaluation metrics using cross-

validation with 13 subsets were derived from the confusion 

matrix, as shown in Table V. The Caret and ROCR packages of 

R are used for this purpose. 

For this purpose, the Caret and ROCR packages of R were 

used [35]. The value of 0.6609623 is taken as threshold so that 

any value above that probability is taken as 1, and any value 

below as 0. The threshold is determined based on the ROCR 

package, which provides the optimal value for the model. 

 

 

TABLE IV 

ANN CONFIGURATION FOR NEURALNET 

Parameter Configuration 

Iterations 1000 

Learning rate 0.5 to 1.2 

Algorithm Backpropagation 

Activation function Logistic 

Error equation Quadratic error 

Hidden layers 3 (20, 10, 10) 
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TABLE V 

EVALUATION METRICS USING CROSS-VALIDATION WITH 13 

SUBSETS 
  Class 

1 
Class 2 Class 3 Class 4 

Sensitivity 1.00 0.5 1.00 1.00 

Specificity 0.88 1.00 1.00 1.00 

Pos pred value 0.50 1.00 1.00 1.00 

Neg pred value 1.00 0.85 1.00 1.00 

Prevalence 0.10 0.40 0.30 0.20 

Detection rate 0.10 0.30 0.30 0.20 

Detection prevalence 0.20 0.30 0.30 0.20 

Balanced accuracy 0.94 0.87 1.00 1.00 

 

B. Knee Orthosis Description 

To compensate for the movements that the patient cannot 

perform, due to the limitation level, an active knee orthosis was 

designed with a linear actuator containing an encoder as 

angular-position sensor, as shown in Fig. 6. The orthosis is 

firmly attached to the leg using an adjustable knee brace. The 

force generated by a DC motor enables the subject to 

compensate for the missing force and to follow the necessary 

path, gradually, depending on the type of limitation.  

The orthosis was designed based on the AKS that was used to 

simulate mobility limitation, albeit without torsion springs. The 

linear actuator allows the knee to extend and flex in a controlled 

way to perform the gait cycle according to the type of limitation, 

previously identified by the ANN.  

 

 
Fig. 6. Elements of the designed knee orthosis. 

 

C. Adaptive Controller Design 

To keep performance, when parameters change unpredictably 

over time, the controller must be adaptive [36][37]. MRAC 

works by adjusting the controller parameters so output of a 

reference model. The MRAC diagram implemented in this 

study consists of 5 blocks, as shown in Fig. 7. The Trajectory 

Generator and Adaptation Mechanism blocks use the type of 

limitation identified by the ANN as a parameter. 

 

 
Fig. 7. MRAC block diagram. 

 

• Trajectory Generator 

The knee joint angle should follow a normal trajectory 𝑦𝑁(𝑡); 

however, depending on the type of limitation, the patient will 

perform only a percentage of 𝑦𝑁(𝑡), that is: 

𝑟(𝑡) = 𝜓𝑖𝑦𝑁(𝑡)                               (3) 

 

Where 𝜓𝑖  is the percentage of limitation 𝑖 (see Table 1). 

Always, the percentage of increase in trajectory must not 

exceed µ𝑖 to prevent the patient pain. 

 

• Plant Model 

In a knee rehabilitation process, the patient generates most of 

the force necessary to perform the gait cycle. Depending on the 

level of limitation, the orthosis (through a DC motor) must 

provide the complementary force. Therefore, the plant will 

consist of a DC motor, where the input is the supply voltage 

𝑈(𝑠) and the output will be the orthosis angle 𝜃(𝑠). Eq. 4 shows 

the transfer function of the plant, which relates these two 

variables and the parameters of the DC motor. In the Eq. 4, the 

authors consider 𝑇𝐸(𝑠) = 0, where 𝑇𝐸(𝑠) is the external torque 

generated by the patient’s leg. 

 
𝜃(𝑠)

𝑈(𝑠)
=

𝐾𝑚

[𝐿𝑎𝐽𝑚𝑠2+(𝐿𝑎𝐵𝑚+𝑅𝑎𝐽𝑚)]𝑠2+(𝑅𝑎𝐵𝑚+𝐾𝑏𝐾𝑚)
           (4) 

 

The constants values, 𝐾𝑚 , 𝐿𝑎, 𝑅𝑎, 𝐽𝑚, 
𝐵𝑚, 𝐾𝑏 , are derived from the datasheet of the motor that 

operates the orthosis (see Table VI).  

Fig. 8 shows the MRAC torque diagram, considering a 

closed-loop control system. The final torque obtained to 

generate the motion is the sum of torques of the motor 𝑇𝑀(𝑠) 

and the person's leg 𝑇𝐸(𝑠).  

The blocks are composed of first order equations, the 

electromotive force constant (EMF), the leg torque and to 

obtain an output in the required units (position), the velocity 

integral block is added at the end. 
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Fig. 8. Extended plant model of the MRAC. 

 

TABLE VI 

DC MOTOR PARAMETERS 
Parameter Description Value Units 

𝑲𝒎 Torque constant 0.05 𝑁𝑚/𝐴   

𝑳𝒂 Inductance 0.046 H 

𝑹𝒂 Resistance 1 Ω 

𝑱𝒎 Inertia 0.093 Kg𝑚2 

𝑩𝒎 Friction constant 0.08 𝑁𝑚𝑠/𝑟𝑎𝑑 

𝑲𝒃 EMF constant 0.05 𝑉𝑠/𝑟𝑎𝑑 

 

To approximately represent a patient’s leg, a model was used 

in SolidWorks; the estimated inertia matrix is: 

 

  𝐼𝑇 =
𝑚𝑒𝐿𝑒

2

12
[
0 1 0
0 1 1
1 0 1

]                                (5) 

 

where me is the average mass of the leg (3.25 kg), and Le is the 

average length of the leg (0.57 m), for the subject group. 

In this way, the torque generated by the leg, while the knee 

rotates an angle θ(t) is: 

 

𝑇𝐸(𝑡) =
𝐿𝑒

2𝑚𝑒(2𝐿𝑒
2+𝐿𝑒+1)+2𝐿𝑒𝑦𝐸(𝑡)

4
+

2𝐿𝑒
3𝑚𝑒+1

12
         (6) 

 

𝑦𝐸(𝑡) = 𝑔𝑚𝑒cos (𝜃(𝑡))                            (7) 

 

For example, Fig. 9 shows the curves of the simulated torque 

for the three types of limitation, considering the maximum 

percentage of increase allowed. 

 

• Controller 

The control used in this study consisted of a PID controller, 

which generates an output (control signal u(t)): 

 
𝑈(𝑠)

𝐸(𝑠)
= 𝑃 +

𝐼

𝑠
+ 𝐷𝑠                                 (8) 

 

The values of the coefficients used in simulation, for each 

level of limitation, are presented in Table VII.  

However, the lack of knowledge on the model of the patient’s 

leg and the variability in the test group require a robust control 

to maintain the desired performance. 

  

 
Fig. 9. Simulated external torque by type of limitation. 

 

TABLE VII 

CONTROL COEFFICIENTS BY TYPE OF LIMITATION 
Limitation P I D 

1 3.44 18.8 10.2 

2 3.44 18.8 10.2 

3 0.7 40.5 20.8 

 

The simulations demonstrated that P coefficient alone is 

sufficient to reject disturbances or inaccuracies in the model. 

Therefore, the adaptation mechanism concerns only P value. 

 

• Adaptation Mechanism 

The controller coefficients were adjusted using fuzzy logic to 

estimate P and to reduce the error 𝜀(𝑡) = 𝜃(𝑡) − 𝜃𝑚(𝑡), (see 

Fig. 8) generated by the poor knowledge on the plant model. 

For both input and output, 5 fuzzy sets were used. To a fast 

response, trapezoidal membership functions were implemented 

at the ends and middle of the fuzzy and triangular sets in the 

centre, which was the best configuration for reducing the error. 

To improve the result, a couple of membership functions are 

proposed for each type of limitation (see Fig. 10, 11, and 12). 

 In fuzzy input sets, BN is big negative, SN is small negative, 

Ze is zero, SP is small positive, and BP is big positive. In the 

output sets of the same Figures, BD is big decrease, SD is small 

decrease, Z is zero, SI is small increase, and BI is big increase. 

The rule base, consisting of 5 if-then rules (see Table VIII).  

The Mamdani inference system, the Maximum aggregation 

method and the centroid defuzzification method with sigmoid 

behaviour were used in this study. 

 

 
Fig. 10. Membership functions for limitation 1. 
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Fig. 11. Membership functions for limitation 2. 

 

 
Fig. 12. Membership functions for limitation 3. 

 

TABLE VIII 

USED FUZZY RULE BASE FOR THE ADAPTATION MECHANISM 
Number Rule 

1 If Error is BN then Adaptation is BD 

2 If Error is SN then Adaptation is SD 

3 If Error is Ze then Adaptation is Z 

4 If Error is SP then Adaptation is SI 

5 If Error is BP then Adaptation is BI 

 

• Reference Model 

The final objective of the control system is to consider in the 

output the original trajectory of the person coming from the two 

branches, as shown in Fig 7: 1the one passing through the 

control blocks and 2the trajectory of the reference model.  

In the reference model, we have a transfer function Eq. 9, 

which aims to smooth the input trajectory of the system with 

controlled movements that ensure the articulation of the person. 

This transfer function is arranged under physiological reasons 

for its choice in the block system. To select the transfer function 

of this block, we chose an overshoot of 20% and a peak time of 

0.04 seconds for the response to a unit step input. Thus, the 

transfer function for the reference model block is:  

 
𝜃𝑚(𝑠)

𝑅(𝑠)
=

3337

𝑠2+52𝑠+3337
                            (9) 

 

IV. RESULTS 

Five percentages µ𝑖  of increase were selected for each 

limitation, emulating a progressive rehabilitation. The control 

performance was observed before a pulse-type disturbance with 

an amplitude of 0.15 radians and lasting 0.5 seconds.  

Figure 13 shows the error for each limitation with (in black 

colour) and without (in red colour) adaptation mechanism, for 

a single percentage per limitation. Fig 13 (a). shows the graph 

of the knee trajectory without constraint. Fig 13 (b) presents the 

percentage error during constraint trajectory 1, in this the error 

is maximum 2.27° without perturbation and 3.12° with 

perturbation. Fig 13 (c) presents the percentage error during the 

trajectory of constraint 2, obtaining a maximum error of 1.44° 

without perturbation and 2.42° with perturbation. Fig 13 (d) 

shows the error obtained during the constraint 3 trajectory. In 

this trajectory, 0.93° is obtained without perturbation and 2.01° 

with perturbation. The higher the limitation, the lower the error 

percentage, and this is due to: 1 the degree of spasticity or 

stiffness of the limb, 2 the speed and amplitude with which the 

limb goes, the control system is able to react faster. 

 

 
Fig. 13. Errors with and without adaptation: a) normal trajectory, b) limitation 
1, c) limitation 2, d) limitation 3. 

 

Table IX shows the error assessed for 5 percentages, for each 

limitation, with and without applying the disturbance. The 

largest percentage corresponds to the maximum value at which 

the patient perceives pain.  

The MRAC-PID-Fuzzy control technique proved to be 

efficient because its mean square error was relatively low 

despite the high-amplitude disturbance in the system. The 

configuration presented, both of the ANN and the control 

system, can be used for data from other people, considering the 

characteristics mentioned above (section 2.4).  

The MRAC-PID-Fuzzy control has a high capacity for 

adaptation and response to any modification or disturbance, 

which makes it highly scalable. As blocks were added, the 

efficiency of the system was tested, finding that a single control 

technique was not sufficient to obtain the results expected by 

the authors. When testing with PID control, it failed especially 

when the control gain increased. 
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TABLE IX 

ERROR ASSESSED FOR 5 PERCENTAGES BY TYPE OF 

LIMITATION 

Limitation 

type 

%  Error (°) 

Without 

disturbance 

With 

disturbance 

1 0 1.67 2.80 

4 2.27 2.86 

8 2.05 3.08 

12 1.05 3.11 

16 2.17 3.12 

2 0 1.13 2.29 

3 1.34 2.29 

6 1.44 2.33 

9 0.95 2.42 

12 0.72 2.39 

3 0 0.84 0.40 

2 0.69 0.94 

4 0.56 1.57 

6 0.52 2.01 

7 0.93 1.85 

 

Narayan J. et al, in [5] propose a passive PID control, by the 

patient, with a neurofuzzy compensation phase, in which they 

simulate having a patient in their exoskeleton device. Its control 

system is based on the Euler-Lagrange method for generating 

exoskeleton movements, and the stability of the control system 

is mathematically demonstrated with the Lyapunov theorem. 

We are at a point where a combination of sensors is required 

that provide information not only about the robotic device but 

about the person, in order to objectively evaluate their physical 

progress [12]. 

V. CONCLUSION 

Muscle electrical activity was analysed through an ANN 

model during a gait protocol in subjects with normal gait and 

with some level of limitation, considering the knee flexion-

extension angle. By knowing the trajectories of each type of 

limitation and the percentages of movement that each subject 

can bear, progressive training routines can be proposed by 

gradually increasing the trajectories. Control techniques, such 

as that applied in this study, allow mechanical support devices 

to operate safely.  

While EMG signals have characteristics that can visually 

differ from one subject to another, algorithms such as ANNs, 

within their mathematical approximations, can find patterns or 

similarities that are useful in control systems. With this ANN 

model, which has an average accuracy of 97.5%, sufficient 

reliability is provided to know whether the gait shows some 

limitation and to subsequently apply strategies for progressive 

recovery, through robust devices and controls.  

The MRAC-PID-FUZZY control strategy shows satisfactory 

results because EMG and knee position signals make it is 

possible to identify gait limitations and to establish trajectories 

with a safe increase that can be used for normal gait recovery. 

The next stage of this study is to build an actuated knee orthosis 

to experimentally validate our proposal.  

To obtain better results between the connections between 

layers of the neural network and validate the proposed artificial 

intelligence models, algorithms with associative memory have 

been created. These have demonstrated better results in the 

optimization process, precision and specificity using the logical 

mining model [38], which surpasses the theoretical and 

empirical references of any data set. 

The number of people who participated in the 

experimentation may be considered small to generalize about a 

control technique. However, with these data it is possible to 

obtain a first approximation of a control technique that 

considers within its feedback system EMG signals from 

individuals and generates progressive trajectories according to 

the limitation. To obtain a more generalized model, it is 

recommended to expand the population and include a previous 

evaluation of the test subjects by a physiotherapist and assess 

whether they are healthy or present some type of limitation. 

Similarly, the results should be analysed by a physiotherapist to 

determine their reliability.  

To evaluate the performance of the configuration proposed in 

this article, a set of unknown data is necessary, which can be 

considered in future research. However, artificial neural 

networks are robust models based on supervised learning 

methodologies, showing acceptable results against irrelevant 

predictors. 

The results obtained in this paper with the selected ANN 

configuration are very good. However, other simpler techniques 

such as logistic regression or other ANN architectures can be 

applied and more simplified models for limitation identification 

can be obtained. 

In future work, one may consider changing only the control 

technique and retesting with the same trajectories to compare 

the error with and without perturbation. 
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