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ABSTRACT To achieve safe and immersive interface with a user-driven treadmill (UDT), robustness of
the user position must be ensured by sensitively estimating and accurately converging to the intentional
walking speed (IWS). The existing IWS estimation using a linear observer with the cart model (1st order
dynamics) can exponentially converge to the true IWS. However, when the estimation sensitivity is increased
by increasing the gain, this method causes severe postural instability due to the generation of excessive
anomalous forces. Thus, the existing method has an implicit limitation with regards to increasing the position
robustness because of the postural instability issues. In this paper, to simultaneously achieve sensitive
and accurate IWS estimation while reducing postural instability on a UDT, in addition to the cart model,
we have also utilized the inverted pendulum-based gait model (IPGM) as a 2nd order dynamic to estimate
the intentional walking acceleration (IWA) generated by the ankle torque. Thus, the proposed IWS prediction
method uses the cart model for accurate convergence to IWS and the IPGM to follow sensitively the change
in the IWS. In the proposed method, the internal states of the existing observers applied to the 1st and 2nd

order dynamics are shared recursively to estimate the ankle torque acting as a disturbance for the IPGM and
to sensitively predict the change in the IWS. Experiments show that the proposed method can significantly
facilitate the users in following a profile of desired walking speeds more accurately than the existing IWS
estimation method under the same position robustness setup.

17 INDEX TERMS Gait dynamics, locomotion interface, user-driven treadmill, disturbance observer.

I. INTRODUCTION18

Treadmills are widely utilized in virtual reality (VR) as a19

representative device for locomotion interface (LI) to allow20

users to participate actively in VR with realistic spatial sen-21

sations [1], [2], [3]. This functionality is achieved through a22

user-driven treadmill (UDT) that tracks the user’s locomotion23

intention and allows the generation of unlimited level-ground24

conditions without limiting the user’s motions. To ensure safe25

and immersive gait interface with a UDT, the user’s position26

The associate editor coordinating the review of this manuscript and

approving it for publication was Mark Kok Yew Ng .

must bemaintained in a reference position above the treadmill 27

belt even when their walking speed is changing arbitrarily, 28

and their spatial and temporal gait parameters should not 29

be significantly different from those during over-ground or 30

conventional treadmill walking [4], [5]. 31

If the belt motion of a UDT does not sensitively follow a 32

user’s intentional walking speed (IWS), it causes a position 33

error, the excess of which can induce the user to fall down. 34

Thus, the main objectives of a UDT control scheme are to 35

ensure the position robustness by accurately estimating the 36

IWS, and to generate the appropriate control commandswhen 37

the user dynamically changes their walking speed [5], [6]. 38
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A general method of configuring the UDT controller consists39

of a feed-forward term for estimating the IWS and a feedback40

term to compensate for the user’s position error [7], [8].41

Position robustness is affected by both these terms; however,42

the feed-forward term is mainly related to postural stability43

[5], [6].44

The user’s IWS is considered as a disturbance input for45

the UDT because their walking behavior causes their posi-46

tion to change. Thus, the IWS can be estimated from the47

position information of the user’s center of mass (COM) [9],48

[10], [11], [12]. Souman et. al. proposed an IWS estimation49

scheme using a stable linear observer that converges precisely50

to the steady state value of the IWS [12]. This is the represen-51

tative UDT controller that can perform LI by using only the52

position of the user’s COM. To design the linear observer that53

works as the feedforward component in the research reported54

in [12], the authors used a simple cart model as the 1st order55

dynamics (velocity-level control), which can exponentially56

and precisely converge to the true IWS.57

However, Kim. et. al. [13] reported that, when using a large58

gain for the linear observer to increase the position robustness59

by sensitively converging to the IWS, a generated anomalous60

force affects the user’s postural stability and increases the risk61

of falling. Since the existing IWS estimator uses the 1st order62

dynamics (cart model) that differ greatly from the human63

walking dynamics, such as the lack of consideration for lower64

limbmovement, it cannot appropriately estimate the accelera-65

tion or deceleration occurring in the changing IWS on a UDT.66

On the contrary, the observer with a low gain setting cannot67

guarantee the position robustness with respect to a reference68

position due to a relatively long time constant. Therefore,69

there is a limited margin to simultaneously improve the over-70

all performance in terms of position robustness and postural71

stability.72

Among other IWS estimation methods, Yoon. et. al. pro-73

posed a method that involves the maximum swing-foot veloc-74

ity (MSFV) as a consideration of the bipedal motion of human75

gait [5]. According to the kinematic model of the normal gait76

pattern, the MSFV has a linearly proportional relationship77

with the average gait speed during a single footstep. By using78

the MSFV instead of the position of the COM, this method79

can significantly alleviate the postural instability issue even80

though it sensitively estimates the IWS, unlike the method81

reported in [12]. However, this estimation method discretely82

updates the IWS because it needs time to determine the83

MSFV from the swing-foot velocity during one step. More-84

over, since it is based on the kinematic model of a normal85

gait pattern, it suffers from inaccurate prediction of the IWS86

when the user is starting to walk from a standstill (i.e., from87

zero to preferred speed). Thus, it is difficult to apply it to a88

wide range of walking patterns and speeds.89

To alleviate the limitations of the works presented in [5]90

and [12], Kim. et. al. proposed a feedforward strategy called91

the attenuator [13], which can keep a time required to con-92

verge to the IWS by attenuating from an exponential conver-93

gence rate (linear observer) to a proportional rate based on the94

MSFVmethod. However, while using the attenuator concept, 95

it may still be difficult to guarantee the position robustness 96

due to the reduced convergence rate when the gait speed is 97

changing dynamically. 98

Therefore, in the presented work, we have aimed to 99

design a walking speed prediction method that can sensi- 100

tively respond to changes in the IWS to increase position 101

robustness, while overcoming the postural instability by using 102

an appropriate gait dynamics model. The proposed method 103

involves simultaneous utilization of the existing 1st order 104

dynamics to guarantee the accurate IWS convergence and 105

the 2nd order dynamics of the inverted pendulum-based gait 106

model (IPGM) [14], [15] to represent the movement of the 107

lower extremities. While the conventional method involving 108

the 1st order dynamics tracks the true IWS, another distur- 109

bance observer working with the 2nd order dynamics detects 110

the amount of change in the IWS through the estimation of 111

the ankle torque. 112

The effectiveness of the proposed method is validated 113

through experimentation with 10 subjects where it is com- 114

pared to the existing controller reported in [12]. The experi- 115

ment results revealed that use of the proposedmethod allowed 116

the subjects to change their gait speed more accurately 117

according to cue speeds given to them as reference com- 118

mands, while maintaining the position robustness at the same 119

level as the conventional method. 120

II. DESIGN OF WALKING SPEED PREDICTION METHOD 121

A. GAIT DYNAMICS CONSIDERING ANKLE TORQUE 122

The existing IWS estimation, which is based on the cart 123

model shown in Figure 1 [12], has the problem of gait insta- 124

bility that occurs when a user tries to change their walking 125

speed [13]. According to the research reported in [12], the 126

true IWS (vw) acting as a disturbance in a UDT can be 127

estimated using the cart model, and it can be expressed as 128

follows 129

ẋ1 = −vc + vw = −v+ vw (1) 130

where, x1 is the position of the COM, vw denotes the true 131

IWS, which is considered as the disturbance of Eq. (1), and vc 132

and v are the control command and the current UDT velocity, 133

respectively. For simplicity, both these values are the same 134

since it is assumed that the low-level controller utilized in the 135

UDT can precisely follow the control command, and x1 can 136

be represented as the position error when the desired position 137

(xref ) is considered to be zero (i.e., xref = 0). 138

FIGURE 1. Simplified UDT dynamics based on the cart model (1st order
dynamics) represented by Eq. (1).
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FIGURE 2. Expanded UDT dynamics according to the inverted pendulum
model-based gait model (2nd order dynamics) represented by Eq. (2).

pt

When the UDT tries to follow the IWS based on the139

position error (x1), it is difficult to sensitively estimate the140

IWS because it may implicitly include a delay. Therefore,141

additional information that can be used to quickly estimate142

the change in IWS is required. To design the IWS estimator143

based on the human gait dynamics [14], the cart model given144

in Eq. (1) is differentiated to extend it to 2nd order dynamics,145

as follows146 {
ẋ1 = x2
ẋ2 = −ac + aw = −a+ aw

(2)147

where x1 and x2 represent the position and velocity of the148

COM, respectively, aw denotes the intentional walking accel-149

eration (IWA) generated by the ankle torque, which is con-150

sidered as the disturbance in Eq. (2), and ac is the final151

control command for UDT belt acceleration (a). To consider152

the human gait motion, the IWA represented as aw can be re-153

written by applying the IPGM [15], as follows:154

aw = v̇w =
gx1
zc
−
gpx
zc
+
Tank
mzc

(3)155

where g is the gravitational acceleration defined as 9.81m/s2,156

m is the user’s mass, Tank represents the generated ankle157

torque, and zc and px are the height of the user’s COM and158

their ankle joint position during the stance phase, respec-159

tively. Since the relative position of the ankle joint (px) and160

the COM (x1) can be easily measured using an optical sensor161

system, the unknown input (disturbance) of Eq. (3) is the162

ankle torque (Tank ) related to IWA and IWS.163

As shown in Figure 2, the IPGM considers the torque164

generated at the ankle joint while performing the ground-165

pushing motion. Thus, if the generated ankle torque (Tank )166

can be estimated using the user’s kinematic information (px ,167

x1) and the current speed and acceleration of the treadmill belt168

(vc, ac), a more accurate IWS estimation can be achieved.169

B. THE PROPOSED LI CONTROLLER170

In the proposed IWS prediction method, which applies the171

additional disturbance observer based on the IPGM is shown172

in Figure 3. The proposed method utilizes the sum of the two173

observed values to achieve accurate convergence to the IWS174

(v̂w) and fast response to the change in IWS (x̂2). Similar175

to the strategies used in previous LI research [5], [9], [12],176

[13], the proposed LI controller utilizes the robust integration177

of the sign of the error (RISE) controller [16] for the feedback178

FIGURE 3. The proposed LI controller with the additional disturbance
observer.

term (µ). This feedback control scheme helps to increase the 179

robustness of the position error by estimating the slowly time- 180

varying uncertainty of the closed-loop system. 181

In the existing LI method without the additional distur- 182

bance observer, the true IWS (vw) is observed by the extended 183

state observer (ESO) [18] based on the cart model only, 184

as given by Eq. (1), and it directly feeds forward to the final 185

control command (vc), shown using the white-dashed line 186

in Figure 3. Therefore, according to the existing method for 187

designing a LI controller, the conventional control command 188

can be given as follows 189

vc (t) =
∫ t

0
µ (τ)dτ + v̂w_temp (4) 190

where v̂w_temp is the value observed by the ESO based on 191

Eq. (1) and µ is the feedback command from the RISE con- 192

troller. The key feature of v̂w_temp is exponential convergence 193

to vw according to the property of the 1st order dynamics. 194

Meanwhile, to sensitively predict the change in the IWS 195

by estimating the generated ankle torque (Tank ) in the IPGM, 196

the additional disturbance observer is utilized as shown in 197

Figure 3 (Gray-line), and the conventional control command 198

represented by Eq. (4) is modified by utilizing the additional 199

disturbance observer as follows: 200

vc (t)=
∫ t

0
µ (τ)dτ + v̂w+x̂2=

∫ t

0
µ (τ)dτ+v̂w_total (5) 201

where x̂2 is the observed amount of change in the IWS, which 202

is computed by the 2nd order dynamics represented by Eq. (2) 203

and (3), v̂w is observed using the hyperbolic tangent tracking 204

differentiator-based nonlinear disturbance observer (HTDO) 205

[17] to accurately converge to the steady-state IWS with the 206

disturbance rejection property, and v̂w_total is the summation 207

of these observed values. 208
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In Eq. (5), x̂2 can be detected during the swing phase,209

which allow the IWS estimation within a half-step period.210

This feature is similar to the concept proposed by Yoon et. al.211

[5]. Thus, the IWS estimation can be updated immediately,212

while the other foot (stance foot) generating the ankle torque213

is still on the UDT. This can also help prevent falling on the214

treadmill by quickly updating the UDT speed [18].215

As shown in Figure 3, inputs of the HTDO are the216

acceleration-level values given as âw_temp, and ac, which are217

calculated by the tracking differentiator (TD) [19] utilized218

between the 1st order dynamics-based ESO and the HTDO219

to obtain better signal processing results of the differentia-220

tion than the finite difference methods. TD works well for221

practical engineering problems because it can extract the222

continuously filtered signal and its differential value from223

randomly noisy or discontinuous signal data [18]. In this224

paper, the nonlinear TD constructed using the hyperbolic225

tangent (HT) nonlinear function-based TD (HTTD) is utilized226

as follows: [20]227 {
ż1 = z2
ż2 = −ρ2

[
m1 tanh

(
z1 − zinput

)
+ m2 tanh (z2/ρ)

] (6)228

where, ρ, m1 and m2 are positive design parameters, zinput is229

the input value that requires signal processing, z1 is the output230

value after signal processing, and z2 is a state representing the231

differential value of z1. Moreover, the HTTD is also applied232

to the motion capture system to reduce the random noise in233

the measured position of the COM (x1) and the ankle joint234

position (px), as shown in Figure 3.235

In this paper, to properly estimate the ankle torque (Tank ),236

the cart model with exponential convergence property is237

also used to estimate the IWS precisely and sensitively.238

By applying the additional disturbance observer to the exist-239

ing method, the proposed method helps to increase position240

robustness while mitigating the postural instability.241

C. DESIGN OF AN OBSERVER FOR ESTIMATING THE242

AMOUNT OF CHANGE IN IWS (x̂2)243

In the IPGM shown in Figure 2, IWA (aw) is generated by244

Tank in Eq. (3). Thus, the ESO is utilized to estimate the ankle245

torque in real time as follows246 

˙̂x1 = −β1f (ε, α1, ξ)+ x̂2, ε = x̂1 − x1

˙̂x2 = −β2f (ε, α2, ξ)+
gx̂1
zc
−
gpx
zc

+

(
x̂3
zc
+ acomp

)
− ac

˙̂x3 = −β3f (ε, α3, ξ) ' Tank/m

(7)247

where, β1, β2, β3, α1, α2, α3 and ξ are the gain parameters248

of the ESO. ε is an error value, which is computed based249

on the user position (x1) and the state, x̂1, of the ESO. x̂1250

is the observed value of the user position. x̂2, which is the251

value to be used as the control input, represents the amount252

of change in the IWS due to the estimated disturbance (ankle253

torque) represented as x̂3, acomp is the estimated disturbance254

value predicted by the other observer to compensate for the 255

uncertainties generated by the estimation error in x̂3. 256

In Eq. (7), f is a nonlinear gain function about ε, given as 257

f (ε, α, ξ)=


ε

ξ1−α
, |ε| ≤ ξ

|ε|α sgn (ε) , |ε| > ξ,
0≤α≤1, ξ >0 258

(8) 259

If α is set to 1, this ESO becomes the Luenberger observer 260

(Linear observer) because the output of the nonlinear gain 261

function becomes identical to the input error (ε). On the other 262

hand, it takes the form of a sliding mode observer when α is 263

set to 0. Thus, if the value of α is increasing, the ESO is at a 264

sensitive setting. Under α = 0, the maximum value of f (ε, 265

0, ξ ) defined by the sliding mode observer mode is just 1. 266

When 0< α < 1, the function f has the characteristic that the 267

smaller the error, the relatively greater is the output and the 268

larger the error, the smaller is the output. 269

To stably converge to the unknown input of the IPGMgiven 270

by x̂3, the error dynamics (Ėdy) is derived from Eq. (2), (3) 271

and (7) as follows 272

Ėdy =

 −β1 1 0
g
zc
− β2 0 1

−β3 0 0


 ê1ê2
ê3

+
 0
1
0

(acomp − ac) 273

= A ÊE + EB
(
acomp − ac

)
(9) 274

where, ê1, ê2 and ê3 are states of the error dynamics obtained 275

by subtracting Eq. (2) and (3) from Eq. (7) (i.e., ê1 = x̂1 − 276

x1 = ε, ê2 = x̂2 − x2, ê3 = x̂3 − x3). It should be noted that, 277

since f is working as only a nonlinear gain with respect to ε, 278

Eq. (9) is calculated by replacing ê1 with f (ε, α, ξ ) for the 279

simplified stability analysis [21]. Thus, the solution of Eq. (9) 280

is computed as 281

Edy (t)=eAtEd (0)+eAt
∫ t

0
e−Aτ EB

(
acomp − ac

)
dτ (10) 282

To find the bounded condition of Eq. (10) for any time (t), A 283

in the error dynamics should beHurwitz. Assuming that acomp 284

is bounded and zc is closed, the gain satisfying the Hurwitz 285

condition is given as 286

β2 − β3 > 9.81
/
zc (11) 287

To correspond to a height of the COM, which is different for 288

each person, the gain should be set as β2 � β3. 289

For immersive LI, the gain should be set to match the gen- 290

erated ankle torque during real human walking by adjusting 291

the gain parameters of the ESO (x̂1 → x1(t) and x̂3 → 292

Tank /m). In research on gait analysis [22][23], the maximum 293

ankle torque (Nm) per body weight (kg) in the normal walk- 294

ing speed range (1.25∼2 m/s) is known to be approximately 295

1.3 to 2 Nm/kg. Thus, the gains were set as; β1 = 10, β2 = 296

360, β3 = 290, α1 = 0.4, α2 = 0.4, α3 = 0.25 and ξ = 0.001, 297

so that x̂3 converges to the ankle joint torque trends suggested 298

in the existing gait research. Moreover, the stability is also 299

satisfied for the height of COM just above 0.14m 300
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D. DESIGN OF AN OBSERVER FOR CONVERGING TO THE301

ACCURATE IWS (v̂w)302

Through gain tuning, x̂3 was suggested to estimate the ankle303

torque, which causes the IWS change (x̂2). However, it is304

difficult to predict x̂2 accurately, since the estimated ankle305

torque (x̂3) is highly gain-dependent, and the available infor-306

mation is too limited to determine it correctly. Therefore,307

acomp, mentioned in the previous section, needs to be applied308

to compensate for this inaccuracy.309

Similar to the designmethod used for the observer reported310

in the previous research [12], which uses the cart model311

shown in Figure 1, the ESO based on the 1st order dynamics312

given by Eq. (1) is designed as follows313 {
˙̂xa=−vc−v̂w_temp − βa1f (εa, αa1, ξa)
˙̂vw_temp = −βa2f (εa, αa2, ξa),

εa = x̂a−x̂1314

(12)315

where βa1, βa2, αa1, αa2 and ξa are the positive control316

parameters, εa is the error in the observed values between317

x̂1 from the 2nd order dynamics-based ESO of Eq. (7) and its318

state, x̂a, of Eq. (12), and v̂w_temp represents the observed IWS319

based on the 1st order dynamics. To identify a user’s intention320

quickly so that v̂w_temp → vw, this ESO is sensitively setup321

with a high sensitivity for the observed user position obtained322

from Eq. (7).323

For the stability analysis of this ESO, the characteristic324

equation, Edy_a, of the error dynamics is computed as follows325

Edy_a (s) =
1

s2 + βa1s+ βa2
(13)326

Thus, the 1st order dynamics-based ESO can be stable when327

all poles are in the left-half plane. Furthermore, to quickly328

converge to a user’s steady state IWS, the conditions for329

exponential convergence to IWS are as follows330

−βa1 ±

√
β2a1 − 4βa2 < 0, β2a1 > 4βa2 (14)331

Therefore, the gains of the ESO are set as; βa1 = 40, βa2 =332

300, αa1 = 0.4, αa2 = 0.4 and ξa = 0.001. With the v̂w_temp333

from Eq. (12), acomp in Eq. (7) is estimated by the HTDO as334

follows [19]335 
˙̂vw = −ac +

(
âw_temp + acomp

)
ȧcomp = −ρ2z

[
mz1 tanh

(
v̂w − v̂w_temp

)
+mz2 tanh

(
acomp/ρz

)] (15)336

where, ρz,mz1 andmz2 are positive design parameters, âw_temp337

is computed using the v̂w_temp predicted by Eq. (12), and v̂w338

is the accurate IWS compensated by acomp, which is used as339

the control input for vw_total in Eq. (5).340

For the stability analysis of HTDO, it satisfies the conver-341

gence condition as follows [24]342

lim
ρz→∞

∫ T

0

∣∣v̂w (t)− v̂w_temp (t)∣∣dt = 0 (anyT > 0) (16)343

When ρz → ∞, the stability analysis can be obtained as 344

follows 345∣∣ȧcomp∣∣ = ∣∣∣−ρ2z [mz1 tanh (v̂w − v̂w_temp) 346

+mz2 tanh
(
acomp/ρz

)] ∣∣∣ (17) 347

Which means that the variation in acomp is much faster than 348

-ac + âw. This can be clarified by the following equations. 349
lim
ρz→∞

d
(
−ac +

(
âw_temp + acomp

))
dt

= ȧcomp

lim
ρz→∞

−ac +
(
âw_temp + acomp

)
ρz

=
acomp
ρz

(18) 350

Thus, when we regard ‘‘−ac +
(
âw_temp + acomp

)
’’ as ‘‘v̂w’’, 351

it is clear that Eq. (15) and Eq. (16) are established by 352

the theorem reported in [25]. It should be noted that, in an 353

actual system, −ac is bounded due to the physical limita- 354

tions. Therefore, it is reasonable to assume that acomp is 355

estimated much faster than âw_temp − ac. Moreover, acomp 356

must be bounded because âw_temp is bounded by the 1st order 357

dynamics-based ESO and the HTTD. Finally, the parameters 358

of the HTDO are set as; ρz = 10, mz1 = 1 and mz2 = 6. 359

To briefly explain the proposed IWS prediction method 360

shown in Figure 4, the HTDO calculates the compensated 361

IWS (v̂w), and for an accurate IWA, it estimates the com- 362

pensation value as acomp which is the convergence error in 363

the IWS calculated by the previous final control command 364

(ac) and the predicted IWA (âw_temp) based on the 1st order 365

dynamics. Next, the ESO based on the IPGM computes the 366

amount of change in IWS (x̂2), and supplies x̂1 to the ESO 367

based on the cart model with improved accuracy achieved by 368

using acomp. Again, in the cart model based ESO, the temporal 369

IWS (v̂w_temp) is re-estimated by the predicted user location 370

update (x̂1), and the temporal predicted IWS (v̂w_temp) is 371

supplied to the HTDO to recursively improve the accuracy of 372

IWS estimation. Thus, it helps to converge to more accurate 373

IWS and Tank /m values. 374

FIGURE 4. Flow chart to illustrate the relationship between each
observer’s input and output values.

E. FEEDBACK CONTROL 375

The primary objective of the feedback controller is to gen- 376

erate a control command to set the position of the user at 377

a desired location. For this purpose, the feedback controller 378

needs to be designed as shown in Figure 5 (See also Figure 3). 379
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FIGURE 5. The feedback controller utilized in this work.

This controller utilizes the RISE controller given by [26]380

εR = ẋ1 + α1x1381

µ = (ks + 1) (εR)+
∫ t

0

[
α2 (ks + 1) εR + βsgn (εR)

]
dτ382

(19)383

where ks, α1, α2 and β are adjustable positive control gains,384

and sgn(·) denotes the standard signum function. Now, when385

the error signal between the final control command (vc) and386

the current belt speed (v) is defined as q = v-vc, the final387

control command using Eq. (4) and (19) and the 1st order388

dynamics given in Eq. (1) is derived as follows [9]389

vc = ṽw + ka

∫ t

0
q (τ ) dτ + (ks + 1) α2

∫ t

0
εR dτ390

+β

∫ t

0
sgn (εR) dτ , (20)391

where, ka is an adjustable control gain. The controller defined392

in Eq. (20) renders the closed-loop dynamic as q̇ = −kaq393

to compensate the error in the velocity command sent to the394

low-level controller (i.e., the servo system for actuating the395

treadmill belt), which demonstrates exponential convergence396

of q to zero. Thus, in this paper, it is assumed for simplicity397

that vc and v are equal. The gain settings of the feedback398

controller are; ka = 1, ks = 0.3, α1 = 0.01, α2 = 0.01 and399

β = 0.001.400

For safety purposes, the control command (vc) is applied401

to the saturation block eliminating oscillation, which is set to402

0∼4m/s. Thus, it does not generate the control command to403

move the user in the forward direction when they are posi-404

tioned behind the reference location after they stop walking.405

The stability issue caused by the applied saturation is elimi-406

nated by a supervisory algorithm that initializes the integral407

term of the RISE controller when the user stays behind the408

reference position [9].409

F. SIMULATION TO VERIFY THE PROPOSED METHOD410

For intuitively understanding how the proposed IWS predic-411

tion method is working, a simulation was performed using412

the general walking speed and movement of the ankle joint.413

Since the proposed method uses the ankle joint position (px),414

it is necessary to simulate proper human gait kinematics. The415

research reported in [5] shows that the ankle joint positions416

of both the lower limbs can be considered as sinusoidal417

functions with opposite phases. When walking at a normal418

gait speed of about 1.4 m/s, the gait frequency and step length419

(magnitude of the sinusoidal function) can be modelled as420

FIGURE 6. Simulation results, (a) Results for each observer, (b) Estimated
ankle torque (x̂3), (c) IWA compensation by acomp in the HTDO.

about 2Hz and 0.73 m [27], respectively. Thus, when the 421

given IWS is set to 1.4m/s, the ankle position, pboth, of both 422

the lower limbs is updated as follows: 423

pboth =

{
x1 + 0.73 sin (4π t)

x1 + 0.73 sin
(
4π t + 1/

4
) (21) 424

where t is the simulation time. It should be noted that px is 425

selected from pboth as the ankle joint position of the lower 426

extremity that is in the stance phase. During the double 427

support phase of gait, this is calculated as the average of the 428

positions of the two ankle joints, and this value is almost 429

equal to the position of the COM. To perform the simulation 430

as close to the implemented system as possible, the random 431

noise of the motion capture camera was included in the 432

simulation in the range of±1 mm. The loop frequency of the 433

motion capture was set to 100Hz, and that of the controller 434

was set to 1kHz. 435

In the simulation result shown in Figure 6(a), the given 436

IWS (vw) is 1.4m/s and the applied time constant is 0.1s. 437

The 1st order dynamics-based ESO converges quickly to the 438

IWS but is affected by the oscillatory movement of the ankle 439

position, while v̂w stably converges to the steady state IWS 440

with noise rejection. 441

Meanwhile, By using the estimated Tank/m, as shown 442

in Figure 6(b), x̂2 can sensitively respond to the amount 443
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of change in the IWS and is reduced when the IWS goes444

to a steady state. In Figure 6(b), during the acceleration445

period, Tank/m has amagnitude of 2.6Nm/kg, approximately.446

Whereas, during the steady state of IWS, a magnitude of447

1.3 Nm/kg is generated through the set gains. In human gait,448

a walking speed offset of approximately 0.25 m/s occurs at449

normal gait speedwhen a torque is generated at the ankle joint450

during the stance phase [5]. This trend is also observed in the451

proposed IWS estimator, as shown in Figure 6(a). Thus, the452

proposed scheme can interface with the users through control453

commands in a way that is closer to the real gait model than454

the observer based on the cart model only.455

In Figure 6(c), âw_temp, which is estimated by the 1st order456

dynamics-based ESO, has a relatively large difference from457

the true acceleration, given as aw. However, due to the use of458

acomp, this difference tends to be compensated compared to459

using only âw_temp, and this compensated acceleration helps460

in achieving a fast response to x̂2 because Eq. (7) becomes461

more sensitive to the change in IWS.462

III. METHOD463

A. EXPERIMENTAL SETUP464

Experiments were conducted to evaluate the performance of465

the proposed IWS predictionmethod compared to the existing466

controller. For conducting the experiment, we built the UDT467

system shown in Figure 7, the specifications of which are468

summarized in Table 1. The reduction ratio between the469

servomotor and the pulley attached to the drum driving the470

treadmill belt is 3.57. The utilized servo and PCI-type PLC471

are manufactured by YASKAWA, and their model names472

are SGM7G-20A and MP3100, respectively. The system can473

reach a maximum belt speed of 4.4 m/s when the servo is run474

at its rated maximum rotation speed of 3000 RPM. However,475

we limited the maximum rotation speed of the servo to 80%476

of the rated speed to maintain a performance margin. Thus,477

FIGURE 7. Experimental setup showing the PC used for executing the LI,
marker locations, switch sole details, treadmill size and the used
servomotor.

TABLE 1. Specifications of the UDT used in the experiment.

the maximum belt speed of the developed UDT is 3.5 m/s. 478

The user’s pelvic and foot motions during treadmill walking 479

were captured by the motion capture system (VICON) and 480

used to measure x1 and px with a sampling rate of 100 Hz. 481

The markers for tracking the position of COM were placed 482

on the posterior superior iliac spines. Considering the user’s 483

convenience and safety, these spinal markers were attached 484

to the harness. The markers for tracking the ankles were 485

attached to the switch soles that are specially designed soles 486

installed in the user’s ankle joint (see Figure 7). The switch 487

soles have a movable joint so that they do not interfere with 488

the movement of the user’s ankle joint. The switches are 489

active when the lower extremity that they are attached to is in 490

the stance phase and deactivated during swing phase. During 491

double support phase, px is computed as the average value of 492

both the ankle positions, same as the simulation performed 493

above. 494

If the user performs a run, the double support phase occurs 495

in the air. Thus, the switch sole signals of both the lower 496

extremities become temporarily off. At this time, since the 497

position of the ankle joint of the lower extremity where the 498

propulsive force is generated is located behind the ankle 499

joint where the braking force and switch sole signals will be 500

activated, px is decided to be the ankle joint having the smaller 501

position value. 502

The hardware connection configuration is shown in 503

Figure 8. The software running on each PC are executed in 504

real-time with a 1kHz loop frequency, and real-time syn- 505

chronization is realized by connecting the PCs through direct 506

connected TCP/IP communication. The motion capture PC 507

interfaces with the switch signals from the switch soles, and 508

it measures the user’s COM (x1) and ankle joint position (px) 509

via VICON. The measured information is transmitted to the 510

high-level PC, and the control command (vc) is generated. 511

The low-level PC and the high-level PC transmit the current 512

treadmill belt speed (v) and control command (vc) to each 513

other in real time. The PCI-type PLC installed in the low- 514

level PC is connected to the servo amplifier viaMechatrolink, 515

which is an open field network used to simplify system 516

configuration while ensuring synchronization [27]. The loop 517

frequency of the PLC used is guaranteed to be 10kHz, there- 518

fore, it can stably execute the calculated control command 519

(vc) given by the high-level control PC. 520

B. EXPERIMENTAL PROTOCOL 521

To obtain objective performance results, all the participants 522

were given the same walking speed profile, and it was 523

observed that how closely they were able to follow the given 524

profile. The desired speed profile was provided visually to 525

the participants through the graphic shown in Figure 9 (left), 526
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FIGURE 8. System configuration used for executing locomotion interface
using the proposed IWS prediction method.

FIGURE 9. Visual display of the cue speed and current speed feedback
(left), and the desired speed profile (right).

which was displayed on a monitor screen placed in front of527

them. The green indicator shows the cue speed consisted of528

the desired speed profile to a user, as shown in Figure 9529

(right), while the red indicator shows the current treadmill530

speed (v), and the participants’ taskwas tomatch the positions531

of both these indicators. To avoid excessive accelerations and532

to guarantee safety on the UDT, the acceleration and speed of533

the desired speed profile were limited to 1 m/s2 and 1.5 m/s534

by applying a 1 second time constant to the step function.535

The profile indicating the cue speed starts at 0 m/s and then536

sequentially changed to 1 m/s, 1.5 m/s, 1 m/s and finally back537

to 0 m/s in 8 second intervals. Before the measured trials,538

the subjects practiced adjusting their walking according to the539

cue speeds 2-3 times. The same speed profilewas tested under540

the two estimators (i.e., the research reported in [12] and the541

proposed method) in a randomized order.542

For a fair comparison, the performance is considered to be543

equivalent if the same amount of position error exists when544

an arbitrary step input of the IWS is given to the existing and545

the proposed controller. The feedback controller used with546

both estimators had the same gain settings, while the gain of547

the linear observer was set to 6 through simulation. 10 young548

and healthy volunteers (5 men, 5 women) with ages ranging549

from 25 to 32 years (27.6 ± 7.0) and height 162-172 cm550

(167.2 ± 4.8), participated in this experiment. The exper-551

iments were conducted at room 202-1 of Dasan building,552

Gwangju Institute of Science and Technology (Gwangju,553

Republic of Korea), following the principles of the Decla-554

ration of Helsinki. The study protocol was approved by the555

Institutional Review Board of Gwangju Institute of Science556

and Technology (20210217-HR-59-06-04). Only the volun-557

teers who had not experienced anymusculoskeletal disease or558

injury in the past were included in the study. All participants559

provided written informed consent prior to inclusion in the 560

study. 561

C. DATA ANALYSIS 562

From the collected data, the root mean square (RMS) of the 563

error between the cue speed and the treadmill belt speed and 564

RMS of error in user position are computed, respectively. 565

Furthermore, to compare the gait pattern changes due to 566

the existing and the proposed controllers, an analysis of the 567

spatio-temporal gait parameters was performed on the tread- 568

mill, which included the total number of steps, average step 569

length, cadence and walk ratio. The step length is measured 570

when double stance is determined by the switch sole, which 571

represents approximately the distance between the ipsilateral 572

and the contralateral heel at each heel contact. The walk 573

ratio represents the relationship between the amplitude and 574

frequency of rhythmic leg movements during walking and 575

was calculated as the average step length divided by the 576

cadence [28]. Although cadence usually uses number of steps 577

per minute, in this paper, it is defined as the number of steps 578

per second since the experiment time was only 30s. 579

For post-experimental data analysis, a one-way repeated 580

measures analysis of variance (RMANOVA) was performed 581

to study the effects of the proposed controller under the 582

various speed changes on the RMS of the error between the 583

cue speed and the treadmill belt speed, RMS of the error in 584

user position, total number of steps, average step length and 585

walk ratio. Mauchly’s test of Sphericity was used to confirm 586

the validity of the RMANOVA results. Post hoc tests were 587

conducted using the Bonferroni correctionmethod. Partial eta 588

squared (µ2
p) was calculated as a measure of the effect size 589

for one-wayRMANOVA.All statistical analyses were carried 590

out using SPSS V20.0 (IBM Corp., USA). 591

IV. RESULT 592

A. MAIN EXPERIMENTAL RESULTS 593

The average position error for all the participants, and its 594

standard deviation (STD), in the time domain is shown in 595

Figure 10. For synchronizing the results of each participant, 596

post-processing was performed by referring to the cue speed 597

data included in each participant’s results. The yellow-shaded 598

zone represents the accelerating and decelerating gait speeds. 599

Both the controllers have relatively large position errors when 600

the gait speed changes (yellow-shaded periods in Figure 10, 601

except at the start and end of the experiment). 602

Figure 11 shows the time domain experimental results in 603

the form of the average and STD of all the participants’ 604

walking speeds compared to the given cue speed profile. 605

Analyzing both the LI controllers, the STD tends to increase 606

at the beginning and end of the experiment. The reason for 607

this large deviation in walking speeds of the participants at 608

the beginning and ending periods is that they experience 609

the incorrect speed convergence rate from the UDT, which 610

is exacerbated by the large gait speed changes (1.5 m/s) 611

during these periods as compared to the other experiment 612
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FIGURE 10. Time domain experimental results for the average of the
position error and its standard deviation (STD), (a) existing controller and
(b) proposed controller.

FIGURE 11. Time domain experimental results for the walking speed of
all the participants compared to the desired velocity profile. (a) existing
controller and (b) proposed controller.

periods [11]. This incorrect estimation of the gait speed tran-613

sition makes it difficult for the subject to follow the desired614

speed cue, and as a result, an overshoot and undershoot are615

observed when the desired speed cue is considered as the616

reference input.617

FIGURE 12. Estimated x̂3 of one subject representing Tzmp/m (Nm/kg).

However, when the user is trying to follow the desired 618

speed cue with the existing method, there is a large difference 619

in the gait speeds of the different participants. In the exper- 620

iment period where the gait speed cue is maintained after 621

accelerating or decelerating, the existing controller has more 622

difficulty in following the cue speed. Thus, the trend of the 623

STD remains larger than the proposed method. 624

Combining the experimental results for the cue speed fol- 625

lowing (command following) and the position error, the STD 626

of the position error of each participant in Figure 10 and 627

the gait speed error in Figure 11 show similar trends. That 628

is, both the STDs of the existing controller show relatively 629

larger errors and fluctuations. This is because the accuracy of 630

gait speed estimation was reduced due to the generation of 631

excessive control commands that did not match the intention 632

of the participants who were trying to follow the speed cues. 633

Thus, the current position robustness setting in the existing 634

method is relatively unsuitable in this situation. It means that 635

the IWS convergence rate should be lowered by a smaller 636

gain in the linear observer, which will also reduce the posi- 637

tion robustness. However, in the case of the presented IWS 638

prediction, it can follow the IWS more precisely. 639

Figure 12 shows the estimated ankle torque per mass of 640

a male participant with the speed cue. In the section at 641

the start of the experiment, the ankle torque per mass (x̂3) 642

showed a tendency to increase, reaching a maximum value 643

of 2.7 Nm/kg. In the section where the walking speed is 644

constant, the ankle torque shows a trend that is similar to the 645

simulation results (1.5 Nm/kg) and the gait analysis research 646

reported in [22] and [23]. When the cue for a reduction 647

in walking speed is given, the ankle torque also tends to 648

decrease, and reaches a minimum value of −2.3 Nm/kg. 649

Thus, the proposed IWS estimator can predict the ankle joint 650

torque well during the actual gait interface, similar to the 651

simulation result presented in Figure 6(b). 652

B. STATISTICAL ANALYSIS OF THE MAIN RESULT 653

RMS of the error between the cue speed and the treadmill 654

belt speed and RMS of the error in the user position for 655

each participant is summarized in Table 2, and results of the 656

one-way RMANOVA carried out to study the effects of the 657

proposed controller are presented in Table 3. The average 658
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TABLE 2. RMS results of each subject in the experiment.

TABLE 3. Results of one-way RMANOVA of each set of RMS data.

FIGURE 13. Mean and SD values of the RMS of the error between the cue
speed and the treadmill belt speed. Statistically significant difference is
marked based on Post-hoc pairwise comparison (∗∗: p < 0.01).

values of the RMS of position error with the two different659

controllers are 0.072±0.017m and 0.075±0.019m, and there660

is no significant difference between them. The average values661

of the RMS of the error in following the cue speed were662

0.279±0.057 m/s and 0.209±0.021 m/s, respectively, with663

the proposed controller showing significantly lower errors (p-664

value= 0.0028), as shown in Figure 13. The main reason for665

the increase in the cue speed following error, as compared to666

the existing controller, is that the walking speed of most of the667

participants fluctuated as they tried to follow the cue speed.668

C. SPATIO-TEMPORAL GAIT PARAMETERS ANALYSIS669

The total number of steps, average step length and walking670

ratio of all participants are summarized in Table 4, and results671

of the statistical analyses of these outcomes are presented in672

Table 5. The total number of steps with the existing controller673

(51.2±5.8 steps) was slightly but not significantly differ-674

ent from the proposed controller (49.8±4.89 steps). This675

means that the existing controller only slightly increases the676

cadence.677

TABLE 4. Spatio-temporal gait parameters of all participants.

TABLE 5. Results of one-way RMANOVA of the gait parameter outcomes.

In case of the step length, the existing and the proposed 678

controller showed 0.3874±0.062 m and 0.3871±0.038 m, 679

respectively. While for the walking ratio, the outcomes were 680

0.231±0.053 m/step/s and 0.235±0.036 m/step/s, respec- 681

tively. There was also no significant difference in any of 682

the spatio-temporal gait parameters. Thus, the overall results 683

suggest that the proposed controller has relatively better per- 684

formance in following the IWS and it does not change the 685

user’s gait pattern. Moreover, after the experiment, we asked 686

each participant about their feelings or opinions about both 687

the controllers. All the participants were of the opinion that it 688

was easier to follow the speed cues with the LI controller that 689

utilized the proposed IWS predictionmethod. This perception 690

is supported by the result obtained from the quantitative data. 691

V. CONCLUSION 692

In this paper, we proposed an IWS estimator that uses the 693

position information of the ankle joint and the COM of the 694

subject, which is more accurate and sensitive than the con- 695

ventional method. The acceleration/deceleration generated 696

during walking is set as the disturbance of the UDT system, 697

and the torque generated at the ankle joint, which is the cause 698

of this disturbance, is accurately predicted by the proposed 699

observer scheme to quickly respond to the IWA by using the 700

1st and 2nd order dynamics that represent the UDT-human 701

dynamics. Results from the experiments with 10 participants 702

show that, as compared to the previously developed method, 703

the proposed controller has significantly better performance 704

in following the user’s IWS, while maintaining the same level 705

of position robustness and having no significant effect on 706

their gait pattern. 707
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