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Abstract---Because these were elastic & inexpensive, Hydraulic 
Muscle Activator (HMA) has a lot of promise in portable and 

responsive rehabilitative equipment. The transducers' changing and 

continuous response, on the other hand, create modeling and 

management problems that are hard to grasp. Our study offers a 

novel portable ankle rehabilitative robotic, that globes only of its type, 

which is powered with Optimized HMAs (OHMA) run tandem. The goal 
of this paper is to provide an adaptive regulator that will help OHMA-

driven gadgets conquer their problems. To properly anticipate that 

performance for OHMA, fuzzy feedback regulate operator is developed. 

To find the best combination input settings for imprecise controllers, a 

Genetic Algorithm (GA) Based is used. The propoed OHMA-driven gait 
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training robots have been evaluated, and the iteration controllers are 

effective in tracing the complicated connection between length, 

velocity, and tension of the OHMA with great precision. Whenever 

provided several intended trajectories, empirical findings demonstrate 
that the microcontroller can follow them quite well. 

 

Keywords---optimized hydraulic, muscle activator, artificial 

intelligence, fuzzy system, neural networks, linear fluid actuators. 

 

 
Introduction  

 

OHMA is ideal for customizable, small, and transportable applications because of 

its light cost and adaptability. OHMAs enable secure and gentle encounters 

because of their inherent flexibility and muscular flexibility. Reducing the working 
temperature within actuator may improve OHMA conformance [1]. Conventional 

electrical and pneumatic controllers have good strength but are excessively large 

and inflexible for wearing systems; to comply fully, they need extremely 

sophisticated inputs. Although its apparent benefits above traditional controllers, 

OHMAs have not been widely employed in automation because of their extremely 

linear and moment characteristics [2]. Efforts that simulate basic behavior in 
OHMAs had being undertaken in the past, while various theories and techniques 

had been presented. A sequential system formula linking the elongation and 

strength of OHMA has been developed at steady pressures in some of its earliest 

investigations [3-4]. OHMAs were compared with muscle tissue to demonstrate 

that they may be employed in physiologically based robotics. Following on, it was 
proposed that this model be improved [5]. The overall validity of the quantitative 

approach was determined to range between 5% and 10%. 

 

The changing stress power content of the rubber tubes in an OHMA was also 

addressed, with an accumulated elasticity power being accounted for using its 

quadratic Mooney–Rivlin framework [6]. [7] A Numeric Modeling Projection 
Control (NMPC)-based motion management system was propoed. The propoed 

force-length equations for OHMA currently contain errors ranging from 5% to 

15%. The mistake appears to be challenging to quantify with traditional 

techniques owing to repetition and predictability. Novel approaches have lately 

being investigated employing intelligent machines & machine learning to decrease 
modeling mistakes or understand the recurrence [8]. Neural Networks (NN), Fuzzy 

Reasoning, Simulated Annealing (GA), and various variations are examples of 

Artificial Intelligent (AI) approaches that can successfully represent situations 

with predictability and uncertainty. As a result, OHMA is an excellent option for 

using AI methods. To identify OHMA features, a recurring neuro-fuzzy framework 

is propoed [9]. This algorithm is taught using input-output information from a 
proper machine, and a confidence interval of less than 10% is obtained. Again on 

positional management on one solitary mechanical muscle, this concept was 

employed in an adaptive fuzzy PID management system. Nevertheless, because 

the research was conducted under continuous load, it could be was used in 

mixed management systems. Hcs activity was subsequently modeled using the 
revised GA-based Nonlinear ARX (NARX) ambiguous framework 10. Whenever any 

parallelism robotic approaches extreme unique regions in its workplace, a tiny 
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mistake in the union capsule is expected to be magnified in the Euclidean 

coordinates [11]. 

 
Materials and Methods 

 

With portable gait training robotic, this study offers a novel iteration technique for 

regulating both location and pressure of OHMAs. A TSK fuzzy controller improved 

with a redesigned GA is effectively integrated into the microcontroller. To describe 

the complicated behaviors in OHMA, a TSK fuzzy regulator is employed. The 
simulation takes into account how different loads affect the actuator's properties. 

To improve precision, the microcontroller settings are adjusted employing a 

customized GA [12]. When educate, verify, or evaluate our hypothesized hazy 

models, a testing machine is created to gather information for pressures, height, 

and strength of a particular OHMA. Measurements were conducted on an OHMA-
driven foot rehabilitative robotic (see Figure 1), and the findings revealed that the 

novel iteration regulator significantly enhanced controlling efficiency. 

 

The Health and Physical Studies Institute from the both University of Auckland 

have built an OHMA-driven concurrent robotic. The robots will be used to treat 

ankle ailments using a variety of movements and strengthening conditioning. The 
knee bone can rotate three degrees of freedom thanks to the robotic [13]. A client 

may rest one leg on a dinosaur's rotating surface. OHMAs are positioned 

perpendicular to the lower leg, simulating a normal muscular configuration 

surrounding the lower leg. The transducers must generate a significant quantity 

of power to accomplish needed mobility even though the joints are some of the 
hardest bones in the adult spine [14]. According to our research, a minimum of 

1000 N is necessary. Furthermore, the actuators in a wearing robotic must be low 

in size for the gadget to be portable and comfortable for the client. OHMAs are 

ideally suitable to the current purpose due to their extremely strong performance 

to mass ratio (400:1). As a result, we employed OHMA in conjunction with using 

wires to control the mobile platforms in our propoed robotic [15]. 
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Figure 1. Ankle Robot – Setup 

 

The intended direction of the mobile platforms may be translated into needed 

durations of OHMAs using reverse kinematics modeling of the robots. Adjusting 
the tension within OHMA allows  to reach the required height. Nevertheless, since 

the displacement properties for OHMA were nonlinear and variable while inflated 

or releasing, a straight transfer among stress with height is never achievable. 

Throughout an actuator phase, there is substantial persistence. According to 

either the OHMA was stretching and shrinking, they might have 2 distinct widths 

for constant stress [16]. A predictive framework can manage uniformity, however, 
it's more challenging to describe stationarity with persistence. Whenever the 

movable platforms connected that a child's heel was changed throughout ankle 

rehabilitative therapies, actuators pressures must change so in accordance to 

match specified pressure trajectories provided by the physiotherapist. As a result, 

quantifying the impact of changing load on the stress ratio of OHMA [17] is 
critical. Studies have shown that when overall weight increases, the overall 

compression connection for an OHMA tends to become cubic, but this has no 

influence on the repeatability of the OHMA. This strain in the OHMA, as 

illustrated in Fig. 3, has a substantial impact on the tension height connection 

and thus could indeed be overlooked. The connection among height, temperature, 

or strength for an OHMA is quite complicated, thus whereas creating a system 
management system of because OHMA, exact modeling is necessary. 

 

Aside from moment and nonlinear OHMA behaviors, the wearing paralleled robots 

must also cope with complications such as linked movement of the similar 

linkages of the muscular, wire activation, and complicated leg trajectory [18]. Its 
concurrent management of eight OHMA for the wearing gait training robots is a 

unique element of the study. To our understanding, this is the first occasion such 

an idea has been offered. Most of the studies have focused on a solitary or 

opposing pair of hydrodynamic musculature, with management systems propoed 

as a result. This has long been known that regression modeling and management 

methods may account for a game's intrinsic instabilities and upper degree 
predictability [19]. As a result, Fuzzy Logic Controllers (FLC) relying on Soft 

switching reasoning were devised and developed in this study. FLC systems 

authentication is a good issue that has received a lot of attention in the past 

shown in Figures 2 and 3. We created a revised GA following examining prior 

research to find the best combination of variables for the FLC. The FLC was 
employed as inverted modeling in a larger imprecise management system to 

regulate the duration of four OHMAs at the same time so that the mobile 

platforms could attain the necessary posture [20]. 
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Figure 2. Deformation Characteristics of Gauge Pressure and Extension Length 

 

 
Figure 3. Gauge Pressure Vs Extension length 

 

Fuzzy logic design 

 
It is possible to refer to the propoed control scheme, commonly called the TSK 

fuzzy controllers [21-22]. Inside a controlled laboratory setting, the FLC and 

revised GA methods were designed and deployed. Although neither all source & 

production parameters were hazy in a [21] technique, its [22] method employs 
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fuzz intake and clear outcome parameters. Because reliability was particularly 

important in this scenario, we picked the Submit no inferences technique for our 

propoed FLC. In addition, to obtain greater command precision, it is critical to 

adjust the settings of an FLC. The quantity, location, and form of the classifiers, 
as well as the regulation choice, are the variables. When we go into the 

optimizations of FLC, let's have a look at how it's made in the parts below. The 

game's antecedent's elements were transformed to fuzz elements & expressed as 

fuzz subsets at first [23]. Stress on the muscles, its height, and the gradient of 

duration are antecedent factors in the issue of dynamical modeling of OHMA, 

while this subsequent factor or controlling factor is the instantaneous pressure 
within the muscular. 

 

To represent the blurriness for this same kind of input variable, the activating 

function is used. The blurriness of the raw data, that was produced 

probabilistically, is represented here using Stochastic activating curves (Figure 4). 
The quantity, size, and location variables of the activating units are chosen. 

Applying to Takagi reasoning criteria, flexible membership functions (MF) for each 

subsequent variable are selected to be fuzzy singletons or crisper actual values. 

To start, the fuzzified effects' lowest fuzziness locations are evenly divided across 

the variable's world of discussion (operational spectrum), and the dispersion (q2) 

is considered to be equivalent to the whole scope. Its fuzzy antecedent or crisper 
sequent factors make up the basis of the rules of a Classifier fuzzy system, which 

has the following framework: 

 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑢𝑙𝑒𝑠 =  ∏ 𝐿𝑖𝑛𝑔𝑢𝑖𝑠𝑡𝑖𝑐 𝑇𝑒𝑟𝑚𝑠            (1)

𝑀

𝑖=1

 

 

There were 3 outputs for this example, every one of which is specified by 3 

participation values, verbally described as "low," "mid," and "high." As a result, 

the FLC currently created will include a maximum of 27 regulations. 

 

 
Figure 4. Fuzzy functions and Parameters 
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At the inferences engines blocks, all FLC result is ultimately assessed. It's a two-

step process that uses a balanced mean de fuzzifier. The percentages of 

fulfillment [24] of all the criteria are first computed employing products operations 
for a particular number of source values. The balanced aggregate of all rule 

fulfillment is then used to calculate the ultimate result. As a result, the 

russification result. 

 

𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑡𝑟𝑢𝑡ℎ ∏ 𝐼𝑛𝑝𝑢𝑡 𝑜𝑓 𝑋𝑘,𝑖                                    (2)

𝑀

𝑖=1

 

𝐼𝑛𝑝𝑢𝑡 𝑜𝑓 𝑋𝑘,𝑖  = 𝑥𝑓
𝑖𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑟𝑢𝑙𝑒

2𝜋
                            (3) 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  
∑ 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑡𝑟𝑢𝑡ℎ. 𝑖𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑟𝑢𝑙𝑒𝑚

𝑗−1

∑ 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑡𝑟𝑢𝑡ℎ𝑚
𝑗−1

            (4) 

 

The fuzzification characteristics, such as the quantity, position, and dispersion of 
fuzzification, are first determined logically. As a consequence, such technology is 

inaccurate, and these characteristics must be adjusted to obtain better precision. 

Here is an ideal combination of imprecise variables for an FLC representing even 

a mechanism, in that the controllers can imitate the systems with greater 

precision. As a result, to reduce the reasoning loss using the fuzzified, these 
characteristics must be tuned within the limitations given by the framework. This 

is a restricted optimizing issue that involves many quadratic and discontinuous 

parameters. 

 

Computational improvement of fuzzy logic controllers has been a hot topic in the 

study over the previous century, with a lot of progress made. Scientists have 
developed several different techniques that cover nearly all optimized techniques, 

include high capabilities, diffusion scour, and evolving methodologies. [25] 

Provides detailed analysis on the applicability of several quadratic optimizing 

techniques to the development of FLC. Diffusion techniques were implemented 

when a relatively close starting answer is provided due to their fast translation. In 
the lack of an optimum starting result, GA-Fuzzy techniques, which ensure a 

worldwide optimum result, are recommended. The traditional GA technique plus 

either gradients approaches have been shown to complement one another [26]. 

GA can rapidly deliver a comprehensive resolution, but it can't perfect it since its 

localized searching skills aren't up to par. Diffusion techniques, on the other 

hand, offer strong local exploration capability but are prone to get stuck in a local 
optimum answer in the presence of an accurate starting prediction. 

 

Problem definition 

 

Its fuzz characteristics may be adjusted that generate its required systems 
modeling when a certain relationship here among the game's sources and 

outcomes is required and sufficient instance information is provided. 

Experimentation was conducted to gather the instance or learning information for 

the current challenge. The fuzzy variable refinement was carried out using a 

method that maximizes a subjective output error as detailed above. 

 

𝐻 min = 𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟 (𝑄𝑎 − 𝑄𝑠)    (5) 
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H is the MSE achieved from a flexible algorithm in predicting pressures levels. 

When illustrated above, the fuzz game's result is computed: 

 

 𝑇ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑢𝑧𝑧𝑦 =  
∑ (∏ 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑡𝑟𝑢𝑡ℎ.𝑖𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑟𝑢𝑙𝑒𝑛

𝑖=1 ).𝑅𝑒𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟𝑠𝑚
𝑗−1

∑ 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑡𝑟𝑢𝑡ℎ𝑚
−1

        (6) 

 

The intended outputs result for the pth inputs is |Qa|, which is the exact 

measurement of tension in the musculature acquired from the tests. 

Furthermore, |Qs| is the flexible woman's outputs for the identical qth raw 

information. Eq. (6) may be used the compute overall outputs of the fuzzified, 

wherein the amount of ruling base (i=1,...n), k is the number of incoming 
parameters to the fuzzified (k=1,...m), ik is the location of the maximum, and ik is 

the width of the Stochastic perceptron for ith rule and kth intake. ri is a collection 

of actual figures reflecting the subsequent part of the fuzzification and is a 

negative integer, and e is the Euler's integer, as earlier stated. 

 
Conventional approach 

 

𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠(𝑠 + 1) =  𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟(𝑠) − 
𝛽

𝑀
∑

𝐻𝑢𝑚𝑖𝑑𝑖𝑡𝑦

𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟

𝑚

𝑘=1

           (7) 

 

Where M  is the number of input sequences. Subsequent factors are discovered 

using the Based Image Breakdown (IB) technique rather than the gradients 

descending methodology. Rewriting after simplifying Eq. (8), 

 

𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 = 𝑋𝑆𝑗                          (8) 

 

The vector of consequent values can be determined as below: 

 

𝑆𝑗 = 𝑋−1𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟                   (9) 

 

To determine all resulting factors, modeling techniques like are regression 

analysis, LU factorization, and Quantitative approach might be employed. These 

approaches, on the same other hands, are not taken into account since can might 
lead to a classifier of the variable being underestimated. 

 

Genetic Algorithm 

 

A based Genetic Algorithm is exploited in the propoed study to improve the forms 

and locations of the kernel component in the antecedents section. As previously 
said, 9 fuzzy activating algorithms can adjust along with 18 variables. This 

implies that the activating variables' placement and dispersion are modified to 

find their optimum parameters in addition to reduce the FLC's reasoning mistake. 

The revised GA's viability assessment and additional evolutionary algorithms are 

addressed here, and a thorough study just of operation of traditional GA may be 
found at [27]. A health functional was built using this situation's optimal solution 

to assess the overall health of each bit string in the crowd. Because GA generally 

maximized a functional, and adjusted errors adaptation capability was employed 

as mistake prevention in this situation. 
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𝐹𝑎𝑐𝑡𝑜𝑟 =  
1

1 + 𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟
                (10) 

 
This flexible modeling was assessed by the community once those raw words are 

translated to real values. MSE & its heuristic are calculated using the quadratic 

relative discrepancy among the standard production vectors (from the 

experiments) & the fuzz models result in vectors. With perspective overall survival 

ratings, the sample originally chosen may not contain all of the excellent 

sequences. As a result, excellent strands are chosen depending on their health 
ratings, and numerous duplicates were chosen inside a selection population by 

each unique health. During replication, the Wheel of fortune Choice technique 

was employed. When GA no longer converges the mistake, the selecting procedure 

switches to diffusion selecting, as previously stated. 

 

Multiple crossing operators with a chance of 0.95 were used, as well as mutations 
operators with a chance of 0.01. GA's mutations operators aids in the quest for a 

globally best answer. Nevertheless, mutagenesis frequency was maintained 

modestly to prevent a random check. On the other hand crossing operator is in 

charge of finding new threads and producing stronger answers by merging 

existing melodies. As a result, the crossing driver's frequency is typically 
maintained lower. The individual's many phases are detailed beneath. 

 

• Step1. Choose a terminating criterion depending on the number of eras or 

the precision achieved. In this example, the program stops when the 

efficiency score reaches 0.99. 

• Step2. Create a randomized community of 100 digital representations, every 

containing 216 bits. For this current challenge, there are 18 la t variables, 

each of which is encoded by 12 bits, thus each byte indicates a unique fuzz 
systems architecture. Furthermore, set Fmax = 0 as the highest efficiency 

score. 

• Step3. Translate all numeric code of this fuzz game's 18 characteristics to 

numeric numbers, keeping in consideration their realm of speech, as 

illustrated following table: 

 
𝐷𝑒𝑠𝑖𝑔𝑛 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒

= 𝐿𝑜𝑤𝑒𝑟𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

+
𝑈𝑝𝑝𝑒𝑟𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒− 𝐿𝑜𝑤𝑒𝑟𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

2 × 𝑙𝑒𝑛𝑔𝑡ℎ − 1
 

× 𝐷𝑒𝑐𝑜𝑑𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑖𝑛𝑎𝑟𝑦 𝑠𝑡𝑟𝑖𝑛𝑔                                           (11) 
 

• Step4. Using the decimals numbers of all variables acquired during Step3, 

compute an efficiency functional with any pure substance. In the current 

production of malware, attach the highest efficiency Fmax unitary solutions 

achieved in the previous round. Calculate the greatest survival rating and 

contrast that to the criteria for terminating. If the efficiency is below 0.9999 
and the amount of eras is fewer than 100, keep on; if not, stop. 

• Step5. Furthermore, save a duplicate of the healthiest answer (Fmax) and 

contrast it to prior healthiest answers. Whenever the healthiest answer gets 

precisely identical with those past 5 (the quantity meticulously determined 
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following examining  r outcomes of numerous trials) healthiest alternatives, 

use the Random Initial technique during the following phase of GA. 

• Step6. Employing the Roulette Wheel technique/Gradient Dependent Choice 

technique, create a breeding pool of excellent binaries answers from the 

following Randomized set. 

• Step7. Execute a crossing operation on a set of arbitrarily chosen fathers, 
then a mutations operation on the splayed binary. 

• Step8. Go back to Step 3. 
 

Results and Discussion 
 

Originally, the best collection of values for the TSK-Fuzzy game's antecedents 

memberships values were found employing a gradients descending methodology, 

and the subsequent constants were found employing the Solitary Volume 

Deconstruction (SVD) technique. Because the Mat lab fuzzy inference toolkit 
contains specific settings for developing TSK-Fuzzy systems employing gradients 

descending, this was employed. As stated in Section 4, the fuzz network was 

created. 3 Input membership functions specified each of the 3 source parameters, 

as illustrated in Figure 5. This fuzzy system has a Means squared Errors (MSE) of 

0.002 in predicting temperature within muscles. 

 

 
Figure 5. Optimized fuzzy membership functions using the toolbox 

 

Understand from the discussions in section 2 that the inaccuracy in the joints 

area is crucial for parallelism robotic orientation management. We employed a 

customized GA as stated throughout the preceding to see if our diffusion method 

had settled at a locally optimum resolution and if they were a superior option. 

When contrasted with the original diffusion approach, multiple iterations of the 
improved GA resolved close to the identical relative erroneous, which was 10 

times lower. Overall quantity many cycles required that attain that optimum 

differed amongst that studies because GA is an adaptive technique. Throughout 

tests, nevertheless, the minimal quantity of repetitions was shown to be as low as 

6. Employing the improved GA method, the greatest variation (MD) of overall 
inaccuracy was determined to be 2.5 percent. This is an increase over a previous 

study [29], which needed 23,340 repetitions to obtain an MD of 18%. While that 

exterior pressure upon its muscles was not taken into account throughout the 
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dynamical modeling in OHMA, those findings presented could indeed be useful to 

regulate muscular activation. 

 
Even though they did not examine the influence of variable pressures on OHMA, 

their work is intriguing since they employed a tweaked GA to improve a control 

scheme, which they then employed in OHMA modeling. To increase the reliability 

of GA, they developed 3 techniques: annihilation, elitism, and G-bit. These 

techniques may provide an ideal worldwide answer, but they do not improve GA's 

local searching capability. The greatest solution they suggest, an MGA-based 
NARX22 fuzzy model, can yield an MD of 10% that was still fairly big. The 

propoed approaches employ a fuzzy controller with a variable amount of 

memberships factors (MF) spanning from three to seventeen. Just 3 MF are used 

in our study, which significantly reduces calculation effort [30]. 

 
Figure 6 shows the overall updated participation values of the predictors 

generated by revised GA. Table 1 lists the characteristics that resulted as a result 

of this. The Tables does not describe why the FLC had improved; rather is just 

offered for aid with repeating these outcomes. Figures 7–10 illustrate the 

predicted inaccuracy utilizing the learning and assessment information from 

different optimizing techniques (vertical descend and customized GA). According 
to Figure 7, the average OHMA pressures forecasting inaccuracy is approximately 

0.1–0.18 bar, which is insufficient for our applications. Whenever the updated GA 

method is employed, the predicted inaccuracy region is between0.05–0.05 bar, as 

shown in Fig. 8. Using this improved method, significant progress has been made, 

and the OHMA may now being employed for our simultaneous rehabilitative 
robots inside similar minimal erroneous regions. 

 

The learning information comes from a single OHMA's worth of trials. A computer 

is created to keep track of OHMA thicknesses at various weights (during loaded 

and discharging) and temperatures. This information was randomized split into 

two sets (learning information and assessment information). The first dataset was 
employed to educate the method, while another second collection was employed to 

evaluate the brand's efficiency. The testing findings when the techniques are 

implemented on an OHMA testing bench were shown in Figures 9 through 10. 

Because the lab tests matched the modeling findings, it can be concluded that the 

volume forecasting inaccuracy may be decreased to 0.05–0.05 bar using the 
improved GA. 
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Figure 6. Length of PMA VS Membership Values 

 

Table 1 

Descriptive Statistics 

 

Variable 1 2 3 4 5 6 

A 1 0.33 0.05 0.2 0.18 -0.104 

B  1 -0.01 0.18 0.17 -0.067 

C   1 -0.03 0.08 0.043 

D    1 -0.078 -0.024 

E     1 -0.028 

 

 
Figure 7. Prediction Error Vs Data Series using Matlab 
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Figure 8. Prediction Error Vs Data Series using GA 

 

 
Figure 9. Prediction Error Vs Test Data using Matlab 
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Figure 10. Prediction Error Vs Test Data using Matlab 

 

Fuzzy description 

 

The following stage is that employ an FLC1, which represents the inverted version 

of OHMA, to build an overarching fuzzy management system, as illustrated in 
Figure 11. The empty circuit feeding forwards controller-based controlling system 

can be deemed robust. As this result, in the current study, a sealed loops 

response was employed to correct for a probable FLC1 mistake and a rapid 

change within the overall atmosphere. A mistake and the pace of increase in the 

mistake are the 2 variables to the FLC2. Overall temperature pulse from this 

regulator is comparable to that of the FLC1. As indicated in Table 2, a 
conventional regulation has been employed. Since this could never produce 

meaningful findings, the 2nd derivatives of mistake were not examined. The 2nd 

derivation is a 2nd elevated filter that enhances elevated information while 

producing unwanted measurements disturbance. 

 
That direction will be matched to the target number and the deviation will be 

calculated. Figure 12 depicts the overall general network topology of the ankle 

rehabilitative robots, as well as the location of the imprecise controllers. The 

regulated location coordinates computed by an approximation method are sent 

into the fuzzy controllers. During true monitoring, our system splits a full path 

into a collection of discontinuous locations. The imprecise operator's outputs are 
employed to command the 4 musculature, allowing the dinosaur's movement to 

be entirely managed. These were detectors at the end of every breathing muscle 

that monitors its duration and tension. They'll be sent out into the graze loop, 

which will determine the machine's true direction. Will be employed as a fuzzy 

operator's inputs. 
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Figure 11. For the ankle robot, a fuzzy-based closed-loop technique is used 

 

Table 2 
Parameter Sequence 

 

Variable Mean Median Std. P25 

A -2.496 -0.248 1.236 -3.318 

B 0.013 0.002 0.076 -0.018 

C 4.569 4.567 0.384 4.693 

D 5.962 5.665 1.809 4.569 
E 0.065 0.063 0.095 0.041 

 

 
Figure 12. Flow Diagram of System Structure 

 

Fuzzy Experimental evaluation   

 

This fuzzy operator's effectiveness was assessed by examining its reaction to 

various forms of stress. The abducted or abductor movement trajectories were 
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used to rotate the platforms of the knee robotics. As demonstrated in Figures 13 - 

15, microcontroller answers to slow (0.1 Hz) and fast (0.2 Hz) sinusoid resonances 

were recorded and displayed. Figures 14 - 16 illustrate effective positional 

monitoring losses for the 2 nonlinear seismic stresses, correspondingly. An 
inaccuracy with both 4 Verbose was discovered to range approximately 3 mm, 

which is sufficient for the planned rehabilitative robots. Another observation is 

that once the bandwidth of the incoming message rises, the location inaccuracy of 

the propoed microcontroller rises. 

 

Figures 17 - 19 demonstrate comparable reactions to both moderate and rapid 
ramping stresses. The microcontroller can accept the specified ramping inputs, as 

shown in the images. Figures 18 - 20 demonstrate the location monitoring defects 

for 2 ramping seismic stimulation, respectively. The location detection inaccuracy 

is in the range of 6 mm. The graphs of the replies and the location monitoring 

mistakes lead to two significant findings. To begin with, the microcontroller was 
able to accurately monitor the trajectory while inflated the musculature, but there 

was a sluggish reaction throughout expiration, which explains why the OHMAs 

exhibit greater location monitoring inaccuracies when deflating. Furthermore, as 

the stimulation frequencies were raised, overall monitoring error decreased. The 

existence or elasticity persistence in OHMA causes the trajectory tracking 

inaccuracy. Whenever the muscles were rapidly supplied or depleted, that effect 
grows increasingly prominent. 

 

Its greatest variation ranges between fewer than 2 mm to close to 5 mm, 

according to the graphs of monitoring mistakes. Nevertheless, with an 8 cm 

muscular activation, the greatest variation is generally around 2.5 and 6.25 
percent. It will be fascinating to see whether there are any other techniques to 

decrease the monitoring inaccuracy produced by the flexibility of OHMA's inner 

rubber tubing. This is, nevertheless, far greater than the research, which ranges 

from 5% to 15%. 

 

 
Figure 13. Time Vs Length for Sinusoid 
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Figure 14. Slow Sinusoid Excitation Tracking Error 

 

 
Figure 15. Response of Control for Sinusoid 

 

 
Figure 16. Fast sinusoid excitation tracking error 
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Figure 17. Response of the controller to a gradual ramp excitation 

 

 
Figure 18. Tracking Error Vs Time 
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Figure 19. Time Vs Tracking Error for Ramp Excitation 

 

 
Figure 20. For quick ramp excitation, there is a tracking error 

 
Conclusion 

 

Regarding foot rehabilitative therapies, a portable rehabilitative robotic powered 

by OHMAs have been conceived and built. OHMAs are employed can supplant 

traditional straight accelerators in wearing robotics just as they are low compact 
and transportable. To simulate the linearity & evening dynamical response of the 

OHMA transducers, a fuzzy logic regulator was designed. Its propoed control 

system was developed using two methods: an iterative technique and a 

customized GA-based technique. The traditional GA's recommended 

improvements enhance its localized searching capabilities and resolution time. 

The diffusion technique is shown might have less efficient than this improved GA 
strategy. Within OHMA, the computer was able to anticipate the mappings 

amongst power, height, distance variation, and pressures. Subsequently, the 
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regulator was included as an inverted plant modeling into an incremental fuzz 

regulation method for ankle robotic movement management. Different trajectories 

data were used to test the efficiency of the propoed recurrent fuzzy regulator. The 

dynamics woman's precision and shut monitoring capabilities are shown to be 
superior to the models already presented. 
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