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  Abstract

Word count: 293

 

Humans are capable of adjusting their posture stably when interacting with a compliant surface. Their whole-body motion can be
modulated in order to respond to the environment and reach to a stable state. In perceiving an uncertain external force, humans
repetitively push it and learn how to produce a stable state. Research in human motor control has led to the hypothesis that the
central nervous system integrates an internal model with sensory feedback in order to generate accurate movements. However,
how the brain understands external force through exploration movements, and how humans accurately estimate a force from
their experience of the force, is yet to be fully understood. To address these questions, we tested human behaviour in different
stiffness profiles even though the force at the goal was the same. We generated one linear and two non-linear stiffness profiles,
which required the same force at the target but different forces half-way to the target; we then measured the differences in the
learning performance at the target and the differences in perception at the half-way point. Human subjects learned the stiffness
profile through repetitive movements in reaching the target, and then indicated their estimation of half of the target value
(position and force separately). This experimental design enabled us to probe how perception of the force experienced in different
profiles affects the participants' estimations. We observed that the early parts of the learning curves were different for the three
stiffness profiles. Secondly, the position estimates were accurate independent of the stiffness profile. The estimation in position
was most likely influenced by the external environment rather than the profile itself. Interestingly, although visual information
about the target had a large influence, we observed significant differences in accuracy of force estimation according to the
stiffness profile.

   

  Contribution to the field

Our work addresses fundamental issues at the interaction of perception, learning, and motor behaviour. Indeed, our explicit aim
is to examine human capabilities of understanding external stiffness profile and estimating a force from it. In everyday activities,
humans flexibly adjust their body postures when interacting with compliant environment; thus, it’s crucially important to explore
the human behaviour and the perception. As it stands, there are several models proposed in behavioural, physiological,
computational, and engineering domains but the underlying mechanism is still unclear. Frontiers offers the opportunity to target
the wide range of relevant readers in the cross-sectional fields. Recent research in human motor control has supported an internal
model which the CNS learns a series of sensorimotor transformations and predicts the consequences of motor commands. Our
study considers the underlying problem of how the brain understands the external stiffness profile and estimates a force from it.
We carefully designed three different profiles merging at the same value in position and force and demonstrated the profile
significantly affected the learning and the half-estimation performances. We believe that the findings not only advance our
understanding of stiffness perception but also benefit to develop a computational model in human motor behaviour.
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 27 

ABSTRACT 28 

Humans are capable of adjusting their posture stably when interacting with a compliant surface. Their 29 

whole-body motion can be modulated in order to respond to the environment and reach to a stable state. 30 

In perceiving an uncertain external force, humans repetitively push it and learn how to produce a stable 31 

state. Research in human motor control has led to the hypothesis that the central nervous system 32 

integrates an internal model with sensory feedback in order to generate accurate movements. However, 33 

how the brain understands external force through exploration movements, and how humans accurately 34 

estimate a force from their experience of the force, is yet to be fully understood. To address these 35 

questions, we tested human behaviour in different stiffness profiles even though the force at the goal 36 

was the same. We generated one linear and two non-linear stiffness profiles, which required the same 37 
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force at the target but different forces half-way to the target; we then measured the differences in the 38 

learning performance at the target and the differences in perception at the half-way point. Human 39 

subjects learned the stiffness profile through repetitive movements in reaching the target, and then 40 

indicated their estimation of half of the target value (position and force separately). This experimental 41 

design enabled us to probe how perception of the force experienced in different profiles affects the 42 

participants' estimations. We observed that the early parts of the learning curves were different for the 43 

three stiffness profiles. Secondly, the position estimates were accurate independent of the stiffness 44 

profile. The estimation in position was most likely influenced by the external environment rather than 45 

the profile itself. Interestingly, although visual information about the target had a large influence, we 46 

observed significant differences in accuracy of force estimation according to the stiffness profile. 47 

 48 

 49 

INTRODUCTION 50 

Humans can control their body movements to maintain balance when interacting with external forces, 51 

even in an uncertain environment. Imagine a situation when you are sitting down on a gym ball to 52 

perform an exercise. Before taking actual action, you may push the ball by hand several times to check 53 

its elastic stiffness. Such natural behaviour prepares us for forthcoming exercise on the soft gym ball. 54 

The Central Nervous System (CNS) learns an active contact motion through sensorimotor feedback and 55 

plastically adapts body movements to a new environment. Humans have remarkable capabilities to 56 

generalize sensory information in a cognitively robust way and optimize their control performance 57 

(Wolpert et al., 1995, 2011). Research on motor control suggests that humans develop internal models 58 

that allow them to formulate motor behaviour, to predict consequences of their action and to achieve the 59 

behavioural goal optimally (Flanagan, et al., 2003; Davidson and Wolpert, 2003). Through exploring 60 

human reaching movements against applied force fields, several models have been proposed to explain 61 

the underlying mechanisms (Franklin et al, 2003; Krakauer et al., 2006; Chib et al., 2009; Darainy et 62 

al., 2009; Kadiallah, et al., 2012; Judkins and Scheidt, 2014; Casadio et al., 2015). Online sensorimotor 63 

feedback and the learning process are key components in optimising human reaching behaviour. 64 

However, to our knowledge, how the brain interprets force perception and how the brain employs the 65 

perception to make an appropriate prediction are still open questions.  66 

Using psychophysical measures such as discrimination thresholds, human perception of force 67 

has been investigated, mainly in terms of the magnitude and direction of the force (Jones and Tan, 2013; 68 

van Beek et al., 2013, 2015). A considerable amount of research has shown that human force perception 69 

is formed by haptic information experienced during touch, but it can also be influenced by other sensory 70 

information, predominantly visual (White, 2012; Li et al., 2015) and proprioceptive (van Beek et al., 71 

2015). For example, the perceived heaviness of an object is subjectively changed by the "visual" object 72 

size; this is well known as the size-weight illusion (Murray et al., 1999; Ernst, 2009). In the case of the 73 

perception of force magnitude, previous studies (van Beek, et al., 2013, 2015) reported anisotropic 74 

characteristics in both 2D and 3D, suggesting that the perception was affected by the direction of the 75 
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postural arm movement. In real-world interactions with compliant surfaces, force profiles are varied and 76 

complicated; that is, when making a contact with an object and handling it, the profiles are governed by 77 

not a simple linear equation, rather by multiple or dynamic formulae. Humans examine material stiffness 78 

through active exploration, such as pushing the surface, and then can thereby anticipate the static 79 

stiffness. Although there are a few studies investigating human haptic perception using linear and 80 

nonlinear materials (Guang et al., 2019; Hartman et al., 2016; Wu and Klatzky, 2018), it is still unclear 81 

whether the brain understands the profile itself or not. Understanding the brain mechanism is important 82 

for designing systems optimally in human-machine interaction, for example, in virtual reality 83 

rehabilitation (Levac et al., 2019), robot-assisted rehabilitation (Gasperina et al., 2021), and human-84 

robot collaborative tasks (Mauri et al., 2019; Roveda et al., 2019). 85 

In terms of learning force profiles, motor control research has helped in understanding human 86 

goal-directed movements against external force fields (Thoroughman and Shadmer, 2000; Bhushan and 87 

Shadmehr, 1999). Human sensorimotor performances have been studied by both empirical and 88 

computational approaches (Wolpert et al., 2011, for a review). Interacting with a force exerted by contact 89 

surfaces, humans can learn how to control their reaching movements optimally and how to adjust their 90 

arm impedance characteristics appropriately. Previous studies, employing an error-based visuomotor 91 

perturbation paradigm, have shown that a certain exposure, (e.g., repetitive movements against 92 

compliant forces) facilitates learning spatial and temporal characteristics of the interaction (Goodbody 93 

and Wolpert, 1998; Krakauer et al., 2006). Trial-based learning models have also been studied to 94 

understand the underlying principles of human motor control (Krakauer et al., 2006). In a similar study 95 

employing a dynamic perturbation (Wang et al., 2001), the internal model seemed to be modified, 96 

integrating with sensory feedback through the learning process. The brain possibly controls complex 97 

movements by flexibly combining motor primitives, or elements, in the sensorimotor maps and 98 

transforming desired joint trajectories into motor commands via learning (Thoroughman and 99 

Shadmerhr, 2000). Although learning can improve the motion performance, it is less known how the 100 

perception would be influenced by force profiles.  101 

The objectives of the current study were to explore the following research questions: 1. Do 102 

humans learn different environmental stiffness profiles while moving in contact with the environment? 103 

and 2. Do humans perceptually distinguish stiffness profiles? We hypothesised that if the brain could 104 

properly understand stiffness profiles through learning and if then the CNS could establish an internal 105 

model modulating movement properties in response to applied force, humans could appropriately 106 

perform reaching movements despite the perturbations caused by the stiffness of the environment. To 107 

systematically explore our hypotheses, we employed an experimental paradigm where the subjects had 108 

to perform arm-movements in contact with environment that had three different stiffness profiles. We 109 

designed the three stiffness profiles such that they had a single intersection exactly at the point that was 110 

defined as the movement target (see Fig. 1A). To quantify the reaching performance and the learnability, 111 

we measured the position of the hand and the force of the interaction throughout the motion. To acquire 112 

the understanding of the stiffness profiles, we also asked the subjects to move the hand to and hold it at 113 
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certain points before the target where the three stiffness profiles were significantly different. Analysing 114 

the hand position and the force with respect to the stiffness profiles enabled us to get insight into how 115 

the brain interprets different environmental stiffness. 116 

 117 

 118 

EXPERIMENT 1. 119 

Materials and Methods 120 

Participants. A total of thirty-six subjects (28 females, 18-41 years old, mean age: 20.0 ± 3.8 (SD), 121 

mean height: 169.1 ± 6.4 cm (SD), 32 right-handed) took part in the main experiment. All the 122 

participants had normal or corrected to normal vision, and no known motor deficits and/or any limb 123 

injuries. The study was approved by the Research Ethics Committee, University of Birmingham, and all 124 

procedures were in accordance with the Declaration of Helsinki. Participants were recruited via the 125 

University Research Participant Scheme – SONA System – and they received £10 for their participation. 126 

The subjects gave informed consent to participate but were naive to the purpose of the experiment. They 127 

also had no prior knowledge about the stiffness models. 128 

 129 

Apparatus and Stimuli. The study was conducted using a 3-degrees-of-freedom (3-DoF) haptic 130 

device, HapticMaster (Moog Inc.), which consisted of a large robotic manipulator with an end-effector 131 

(van der Linde and Lammertse, 2003). A simple spring force (F) was generated by setting parameters 132 

(i.e., spring stiffness, k) in real-time depending on the end-effector position (Z). We designed four 133 

different compliant forces by changing the stiffness k values (see Fig. 1A and Table1). The k value is 134 

maintained constant in two linear models ([1], [4]) and position dependent in other two non-linear 135 

models ([2], [3]). Three stiffness profiles were set crossing at the same position (Z = 12 cm) and the 136 

same force (Fz = 30 kg∙m/s2) as a "target". 137 

A participant stood in front of the haptic device and grasped the end-effector (Fig. 1B). The 138 

apparatus was fully covered by black cloth, so he/she could not see his/her hand and any movements of 139 

the rod. The initial, or "home", position, where the centre of the end-effector was Z = 0 at the workspace, 140 

was 110 cm above from the ground. When the applied force was zero, the end effector was stably 141 

situated at the home position as an end of a spring. In this study, the rod movements were restricted 142 

along the x and y direction. This ensured the participant’s movements or the exerted force at the end 143 

point was only along the z direction. 144 

The visual information about the task such as the target positions was provided by the 21-inch 145 

flat display which was approximately 1.60 m away from the participants’ standpoint. The centre of the 146 

screen was aligned to the centre of the robotic rod and approximately 1.55 m above the ground (Fig. 147 

1B). In order to remove external disturbances and any predictive cues such as noises caused by rod 148 

movements, participants listened to alpha-wave music through headphones during the task.  149 

 150 
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Experiment protocol. The experiment consisted of four sessions (see Fig. 2A) with the four different 151 

stiffness profiles described above and in Fig. 1A. We probed the performance at the target and at half 152 

of either position or force in the course of the stiffness profile. The profile [4] was for practice and set 153 

as a reference of desired half-force. Firstly, a practice session was introduced using only the "half-linear" 154 

to learn the task. After the practice, one stiffness from three different profiles was pseudo-randomly 155 

assigned to the session orders. Each session comprised a series of blocks: 1) "baseline/wash-up", 2) 156 

learning, 3) "half-force" estimation task, 4) "half-position" estimation task, and then 5) "half-force" 157 

estimation task. In each block, participants were asked to give their estimations on test trials after a 158 

certain number of repetitive reaching movements to the target, or reference (Fig. 2B). The test trials 159 

measured how accurately participants held the end-effector compared to the desired physical property 160 

and probed whether they had properly perceived the different stiffness profile to estimate it. 161 

Each session started from the "baseline" block set with the "half-linear" condition aiming to 162 

reset, or "wash up", the motor learning and motor memory. This block consisted of five sets of (three 163 

repetitive movements followed by one test trial). After the baseline/wash-up, the stiffness was assigned 164 

to one of the three stiffness profiles. The "learning" block consisted of 10 sets of a consecutive task [five 165 

repetitive movements with feedback followed by one test trial]. On the test trial in both "baseline/wash-166 

up" and "learning" blocks, participants held the end-effector at the same force that they had experienced 167 

at the target in the repetitive period. Following the "learning" block, participants conducted three test 168 

blocks. These blocks consisted of five sets, the same as the "baseline/wash-up". In the "half-position" 169 

test block, participants held the end-effector at the position where they estimated as the half of the real 170 

target position that they learnt through the repetitive movements prior to the trial. In the "half-force" test 171 

block, they held the end-effector with half the force they estimated from the previously experienced 172 

force at the target. We conducted a pilot experiment in advance, and we observed that the "half-force" 173 

prediction performance was worse than "half-position" performance. Thus, in this experiment we 174 

doubled the number of "half-force" trials, aiming to keep the standard deviation of "half-force" 175 

prediction performance being not so far from the standard deviation of "half-position" one; one "half-176 

position" block was set between two "half-force" blocks. 177 

In preliminary testing the obtained data suggested that participants might have paid attention to 178 

timing rather than to stiffness during the repetitive movements in the learning session. If there were no 179 

time constraint, participants might maintain their own rhythms to reach the anticipated goal. Such timing 180 

moreover is closely related to speed control and so could affect the force itself. Several studies have 181 

shown that time perception plays an important role in human motor control (Goodbody and Wolpert, 182 

1998; Berret and Jean, 2016; Rank and Di Luca, 2015). Thus, considering these points we designed a 183 

certain time window for the reaching movements, with visual feedback to the participants. The average 184 

time window was calculated on the basis of preliminary testing and was held the same for the different 185 

stiffness conditions. Visual information was provided only at the beginning and end of the movement, 186 

in view of its effect on human force perception. 187 

 188 
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Experimental Procedure. The total of 36 participants were equally divided into six groups with six 189 

order combinations, in order to minimize the order effects on the performance. Prior to the experiment, 190 

all participants received instructions about the task from the experimenters and then began the practice 191 

session followed by the three main sessions. Participants moved an end-effector of a robotic 192 

manipulandum against force generated by haptic devices following the experimental protocol. They 193 

pushed the end-effector to reach the target, and then released it to freely return to the initial position (Z 194 

= 0). The end-effector movements were monitored by the computer systems and visual information was 195 

provided in real-time on the screen, excluding a certain area between the start position and the target 196 

position. Participants conducted repetitive movements against the force to learn the reference force 197 

produced by the stiffness profile and then made a prediction based on it. In the repetitive period, the 198 

target zone was visually defined by a blue coloured circle. Participants were asked to reach the target 199 

within a certain time window (0.6 ± 0.2 s). The timer started when the end-effector moved from the 200 

initial position and stopped when the end effector position crossed the target position. Participants 201 

received a feedback message for each movement on the display: "too fast" when < 0.4 s or "good timing" 202 

0.4 s ≤ t ≤ 0.8 s, or "too slow" when t > 0.8 s. Depending on the timing of the reach, the target colour 203 

correspondingly changed from blue into either yellow or light blue, or red. They were also requested to 204 

set the end-effector within the target zone (which was displayed as a small circle) as accurately as 205 

possible and to keep it there for 1 s, maintaining it with zero-velocity as much as possible. In the testing 206 

period, no visual feedback was provided. Participants kept the end-effector indicating their prediction, 207 

and maintained it with zero-velocity for 3 s. On test trials in the "practice" and the "learning" blocks, 208 

participants kept the end-effector with the same feeling as for the target force. In the "half-force" or 209 

"half-position" blocks, they held the end-effector 1) at half the position they were experiencing with the 210 

target or 2) at half the force they were experiencing with the target. After the completion of each session, 211 

the participant had a break and was asked to answer a few questions aiming to assess subjective 212 

perception of the force he/she experienced. The total experimental time for each participant was 213 

approximately 90 minutes. 214 

The physical properties in the movements were measured with sensors mounted at the end-215 

effector while the human subjects were controlling the haptic device in different force conditions. The 216 

end-effector’s position Z, the velocity Vz, and the force F were recorded at a 5-ms sampling rate. We 217 

analysed the movement performance, and participants’ predictions on the test trials. 218 

 219 

Learning Analyses. In the learning block, participants moved the end-effector towards the target and 220 

held it at the target as accurately as possible for 1 s with zero velocity. Aiming to examine how the 221 

reaching performance was changing through the repetitive movements in three different stiffness 222 

conditions, we introduced a metric to evaluate the position accuracy: 223 

𝑀 = |(𝑍 − 𝑍𝑑)| + 𝐾 ∗ |(�̇� − �̇�𝑑)|                                               (1) 224 

where, Z is the end-effector position reached at the end of each movement and �̇�  is the velocity 225 

maintained there; 𝑍𝑑 and �̇�𝑑   are the desired position (12 cm) and the desired velocity (0.0 m/s) 226 
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respectively. K is maintained as a constant value (0.005 sec) defined by the sampling rate employed in 227 

the experimental setting. Thus, the metric (M) indicates the position accuracy in reaching the target; the 228 

unit of M is cm. In other words, M = 0 means that a participant had reached the target accurately and 229 

maintained the velocity at zero. (Note that this learning analysis excluded the trial data performed 230 

without visual feedback.). 231 

 232 

Data Analysis. The arm manipulator device provided position, velocity, and force information, which 233 

were used to compute the learning metric M and to analyse force perception. The position and velocity 234 

information were also captured when the participant reached the target zone, identified by a specific 235 

identity variable defined in the software. The mean learning metric value was computed for each 236 

participant over the set of 50 repeated trials in different stiffness profiles. A Repeated Measures ANOVA 237 

and paired t-tests were performed (using IBM SPSS software) to evaluate the participant’s individual 238 

learning and perception performance in "linear", "quadratic" and "logarithmic" profiles. 239 

 240 

Results 241 

Reaching performances in different stiffness profiles. Fig. 1C shows an example of the typical motion 242 

profile of one participant through 50 repetitive movements with visual feedback in the learning block, 243 

where the target was located at Z = 12 cm with Fz = 30 kg∙m/s2. (Note: this figure shows the analysed 244 

reaching performances excluding the noisy holding period). These trajectories clearly indicate how the 245 

real movement properties, i.e., Fz vs. Z, were different in the three stiffness models, which generated 246 

"linear", "quadratic", and "logarithmic" force profiles. 247 

Fig. 3 shows changes in learning metric (M) value over the 50 repetitions in "linear", 248 

"quadratic", and "logarithmic" profiles; the data were averaged across 36 participants. Three coloured 249 

lines all indicate that the averaged M values changed by more than two orders of magnitudes within the 250 

initial 10 repetitions in the learning block and then gradually improved in accuracy over the course of 251 

the block. Although none of the learning metrics ever converged to zero, they were all changing in a 252 

direction indicating improvements in accuracy. Inspection of the three learning-curves in Fig. 3E 253 

suggests that the curve for the "quadratic" case is more accurate than those for the other two cases. The 254 

standard errors for position accuracy also indicated that the performance in the quadratic case was more 255 

reliable in reaching the target position. 256 

We calculated each participant's metric (M) value averaging across the 50 repetitions. A 257 

repeated measures ANOVA with a Greenhouse-Geisser correction showed that mean M values did not 258 

differ significantly between the three stiffness conditions [F(1.228, 42.963) = 2.802, p = .094]. This 259 

result suggests that when humans performed repetitive movements to reach the target, the accuracies 260 

were maintained at the end goal position irrespective of the different stiffness profiles. 261 

From Fig. 3E, we observed that a major change in the learning performance occurred within the 262 

initial 10 trials. We calculated each participant's M value averaging across the 10 repetitions and 263 

conducted statistical analyses using a repeated measures ANOVA for the three different forces. The 264 
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results with Greenhouse-Geisser corrections showed that there were significant differences in the 265 

learning metrics among the stiffness profiles (F(1.605, 56.188) = 7.209, p = .003). Post hoc tests using 266 

Bonferroni correction showed that between the "linear" case (M = 3.2E-3, SD = 2.2E-3) and the 267 

"quadratic" case (M = 2.6E-3, SD = 1.26E-3) there was no significant difference [t(35) = 1.300, p = .202]. 268 

In contrast, between the "linear" and the "logarithmic" cases (M = 4.3E-3, SD = 2.41E-3) there was a 269 

marginal statistical difference [t(35) = -2.101, p = .043], and between "quadratic" and the "logarithmic" 270 

cases there was a  significant difference [t(35) = -4.307, p = .000]. Despite showing high standard 271 

deviations, these results suggest that the performance was significantly affected by the stiffness profile 272 

in the initial stages of the learning phase. 273 

 274 

Stiffness perception in different force. The read-out data (position and force) at the end of the trials in 275 

both testing blocks were analysed and statistically evaluated. To allow for individual differences in 276 

absolute performance, all participants’ data were averaged over the total trials in the test block and then 277 

normalised by their average performance on the test trials in the learning block; thus, the proportion 278 

(0.5) is the desirable value in each condition. See Fig. 4A and Table 2. The individual data (n = 36) were 279 

plotted on to the lines representing the force; Fig. 4B shows the half-position task performance and Fig. 280 

4C shows the half-force task performance. These graphs indicate that most participants overestimated 281 

the real half-position (at 0.5 as Z = 6 cm) in all three forces; also, the majority of participants 282 

overestimated the actual half-force (at 0.5 as Fz = 15 kg∙m/s2).  283 

Fig. 4A shows that there were no significant differences on half-position estimations among the 284 

three different types of stiffness. A repeated measures ANOVA shows that there were no significant 285 

differences on half-position estimations in three different force profiles: F(2,70) = .627, p = .537. These 286 

results indicate that the participants estimated the similar position regardless of the force. In contrast to 287 

the half-position task, there were significant differences on half-force estimations among three different 288 

force profiles. A repeated measures ANOVA with a Greenhouse-Geisser corrections shows that there 289 

were significant differences in half-force estimations in three stiffness conditions: F(1.175, 50.944) = 290 

105.443, p = .000. These results suggest that the half-force estimations were affected by the stiffness 291 

profiles.  292 

In further statistical analyses, a paired-samples t-test was conducted to compare the estimation 293 

performance between the half-position and half-force tasks. There were significant differences in 294 

positions measured at half estimation between the two tasks, t(35) = 2.27, p = .029 in "linear" force and 295 

t(35) = 4.74, p = .000 in "quadratic" force, suggesting that the participants understood the task and 296 

learned the force. Conversely, there were not significant task differences in half-estimation in 297 

"logarithmic" force, t(35) = 1.66, p = .106, These trends were also shown in forces measured at half-298 

estimation in the two tasks, t(35) = 2.31, p = .027 in "linear" force and t(35) = 4.58, p = .000 in 299 

"quadratic" force; in contrast there was not a significant task difference in measured forces in 300 

"logarithmic" case, t(35)=1.62, p = .114. Such results suggest that the participants did not well 301 

distinguish the task itself, or they could not estimate the half, in "logarithmic" force profile.  302 
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In graphical examinations of the scatter plots, the mean values of half-position estimations were 303 

equally shifted from the desired value (red-dotted line) in three different stiffness conditions. This trend 304 

indicates that participants overestimated the half-position equally regardless of the force. In contrast, a 305 

black straight line connecting respective mean values of half-force estimations was tilted from the 306 

desired red-dotted line, suggesting that the performance was affected by the stiffness profile. 307 

 308 

EXPERIMENT 2. 309 

Based on the results in Experiment 1, we conducted additional testing to examine the effect of direction 310 

of visual feedback on estimations. In Experiment 1, the movement direction of the displayed circle 311 

representing the end-effector position was vertical and the same as the actual physical movements. 312 

Although all the visual information disappeared in the estimation trials, participants might have learned, 313 

by means of proprioception, the relative position of their body, rather than the force profile itself. To 314 

examine this, we designed an experiment to provide the visual feedback independently of the direction 315 

of hand movement. 316 

 317 

Materials and Methods 318 

Participants. Fourteen participants (4 female, 22-31 years old, mean age: 25.1 ± 2.3 (SD)) were newly 319 

recruited. The recruitment procedures and the criteria were identical to those of Experiment 1. 320 

Experiment 2 was treated as a follow-up to the Experiment 1, so that the number of participants was 321 

relatively small. 322 

 323 

Stimuli and Procedure. The task information was displayed on a screen and guided a participant to 324 

move an end-effector to reach the target. The initial position was visually indicated as the centre of a 325 

circle on the screen and the target was set at the contour. The visual information was synchronised with 326 

the end-effector movements in the same manner with the Experiment 1, but its direction was radial, not 327 

vertical (See the cartoon in Fig. 5 and compare with the Fig. 4). 328 

The experimental procedure and the protocol were broadly similar to the main experiment: three 329 

sessions with different stiffness conditions started from the "wash-up/baseline", followed by the 330 

"learning", "half-force" and "half-position" blocks. The learning block consisted of 5 sets of a task [5 331 

repetitions with feedback followed by one test trial], and the "half-force" block was only once per each 332 

session. The total experimental time was approximately 60 mins and shorter than the Experiment 1. 333 

After Experiment 1, we noticed that the experimental duration (90 mins) was quite long and caused 334 

participants' tiredness; thus, we shortened it aiming to keep their concentration.  335 

 336 

Results 337 

Effects of visual feedback direction. As shown in Fig. 5A and Table 3, the averaged half-estimation 338 

performances in Experiment 2 had a similar pattern to those of Experiment 1. The individual data (n = 339 
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14) were also plotted on to the solid lines representing the force profile (See Fig. 5B and 5C). A repeated 340 

measures ANOVA was conducted for the half-estimation values in three stiffness conditions; the 341 

estimations differed significantly among forces in both tasks: F(2,26) = 7.241, p = .003 in the half-342 

position and F(2,26) = 7.948, p = .002 in the half-force.  343 

Inspection of the data suggests that the half estimation performances in all the three conditions 344 

show similar trends in Experiment 1 and Experiment 2. Noticeably the slope of a line connecting 345 

respective mean values of the half-position estimations was more tilted from the desired dotted line, 346 

showing that performance was slightly worse than that of Experiment 1. Conversely, the line slope of 347 

the half-force estimations approached the desired dotted line, showing that the performance was slightly 348 

improved. These changes suggested that performance was likely to have been affected by the direction 349 

of visual feedback. 350 

 351 

 352 

DISCUSSION 353 

This study investigated human perception of force and the learning performance by systematically 354 

manipulating stiffness profiles. We generated three different position-force profiles having one 355 

intersection as a target. Participants moved the end-effector of the haptic device to the target in the 356 

different conditions and indicated their estimation of half of the target value in either position or force. 357 

Firstly, although we observed statistically significant differences in the early stages of motor learning, 358 

the differences in position accuracies between the profiles diminished through the repetitive movements. 359 

Secondly, our results showed better estimations in the half position condition than in the half force 360 

regardless of the force profiles. Importantly, there were significant differences in the half-force 361 

estimations depending on the profile, suggesting that the CNS can differentiate it. The findings 362 

demonstrated that, even though they were less accurate, human estimations of stiffness were certainly 363 

affected by the profile through active learning. However, there were several other factors (e.g., time 364 

perception, velocity control in repetitive movements), that might have led to inaccurate performances 365 

such as over-estimations in reaching the anticipated target. Moreover, the results also indicated 366 

difficulties in one specific force profile, here the logarithmic case, in both learning and prediction 367 

performances, suggesting that these might have been influenced by a degree of familiarity in force 368 

profiles in everyday situations. Such possible factors closely interact with each other; thus, these should 369 

be carefully discussed to understand the mechanisms. 370 

 371 

Force and motor learning in different stiffness profiles. The learning analysis evaluated changes in the 372 

position accuracies through repetitive movements under three different stiffness conditions. The results 373 

showed that although none of the metric (M) values ever converge to zero, the participants were 374 

gradually improving the accuracy within a minor range of deviation. Despite the learning duration and 375 

although the analyses were different from those of other studies, our data showed similar learning trends 376 

to others; for example, the mirror-tracing task in Stratton et al.’s (2007) study, where the individual 377 
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learning curves were characterized by fast time scales in the "warm-up" period and slow scales in the 378 

"persistent change" period. 379 

The learning metric for all participants showed that the overall target reaching performance was 380 

not affected by the different stiffness profiles. All were able to reach the target position with better 381 

accuracy over the course of the trials. Among three different types of stiffness in the current study (Fig. 382 

3A), the learning performance was relatively better in the case of the "quadratic" force profile and the 383 

improvements were progressed through the repetitive movements. In the initial stages of the learning 384 

phase (Fig. 3E), the participants showed reaching performance with high deviations in all the three 385 

forces, but the deviations were reduced, even in the case of "logarithmic" force, within a few repetitions. 386 

However, the learning-curve in the "quadratic" force condition was observed to be consistent throughout 387 

the trial, suggesting that participants might have easily understood this type of force over the course of 388 

repetitions. In contrast, the learning metric value in the "logarithmic" force was slightly worse in 389 

comparison with other two conditions. Therefore, the participants might have had needed more 390 

repetitions to understand the logarithmic case and improve their accuracy in reaching the target position. 391 

Inspecting the results from a different perspective, human perception of force is very subjective, 392 

so the results inevitably depend on each participant’s sensitivity; thus, we need to consider interactions 393 

with other cognitive functions. Previous studies have shown that time perception significantly affects 394 

the human perception of force; for example, Rank and Luca (2014) demonstrated that the arm movement 395 

performance changed with a time-dependent force perception. They found that the response time and 396 

the arm movement influenced the accuracy. Thus, a speed control in reaching movements is a key factor 397 

that would also affect force perception. We originally designed the experiments with no time-limitation 398 

to reach the target, aiming to provide participants enough time to understand the different force profiles. 399 

However, in a pilot experiment, we noticed that participants tended to generate their own rhythms and 400 

maintain them in repetitive reaching movements, regardless of the stiffness profiles. Such rhythmic, or 401 

speed, control might have led to less accuracy in reaching the target and induced scant attention to the 402 

profiles. 403 

In this study, although timing feedback was roughly provided to the participants when the end-404 

effector was reaching at the target, there was no strict time limitation. We observed that the averaged 405 

reaching times were slightly different in the three force conditions: "linear": 0.624 s ± 0.049 and 406 

"logarithmic": 0.652 s ± 0.036) were shorter than the quadratic case (0.681 s ± 0.053). As can be seen 407 

in Fig. 1A in the Methods section, the magnitudes of linear and logarithmic forces were more than 408 

double those for the quadratic case at the short distance. Consequently, large stiffness at the early 409 

movements might have caused difficulties in controlling the timing when generating force against the 410 

spring stiffness. Because the participants tended to approach the target more rapidly in linear and 411 

logarithmic force trials, this might have impaired judgements and the accurate learning of the profile. 412 

Such differences in reaching time inevitably depend on the profile, and this might have affected the 413 

learning performance and the force perception. A potential enhancement of our study would be to record 414 
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differences in body posture and in electromyographic signals during the trials. These measures could 415 

then be related to variation in motor timing and rhythms according to the stiffness profiles. 416 

By interviews and questionnaires at the end of each session, we also examined subjective 417 

interpretation of the different stiffnesses (see Supplemental 3). In Experiment 2 where we introduced 418 

visual feedback in a radial direction, one third of participants admitted that the "quadratic" force profile 419 

resembled pushing a cushion, and half of participants claimed/reported that the "logarithmic" force 420 

profile resembled pushing a revolving door. The "quadratic" case might have evoked a mental image of 421 

pushing common materials in daily experience, whereas participants might have been unfamiliar with 422 

the logarithmic one. Although these were very rough examinations, such exploration could be supported 423 

by other research in relation to motor learning and episodic or procedural motor memory (Dayan and 424 

Cohen, 2011). To investigate familiarity effects, additional experiments would be considered, for 425 

example, by manipulating visual image to associate with different stiffness profiles. 426 

 427 

Stiffness perception and other factors in motor control. A considerable amount of research has 428 

investigated human discrimination of force magnitude and force direction (Jones, 1989; Pang et al., 429 

1991; Vicentini et al., 2010). There are different experimental paradigms such as matching tests and two 430 

alternative forced-choice discrimination tasks. Tan et al. (1994) summarised the findings from different 431 

studies (e.g., Pang et al. (1991) investigated the range: 2.5 to 10 kg∙m/s2, Johns (1989) the range: 25 to 432 

410 kg∙m/s2), and reported that over a large range humans seem to exhibit a just-noticeable difference 433 

(JND) of 7% in force sensing. However, these data were measured in static, or point-based, 434 

discrimination tasks. In the current study, the force range was from 0 to 30 kg∙m/s2, and was within the 435 

range reported above. Although many studies have investigated force perception, to our knowledge, 436 

there are few studies examining whether humans could understand the dynamics itself via active 437 

movements, evaluating it by static properties. The current study had a limitation but could show the 438 

transform from the active to static. 439 

In our experiment, the visual deprivation in the test trials was introduced in order to examine 440 

force perception in isolation; however, at the same time this might have disturbed the task performance. 441 

In further examination of visual deprivation effect (see Supplemental 1), the nine participants showed 442 

relatively large errors in the M values, indicating they were highly influenced by the deprivation; they 443 

could be considered as visual dominant people. In addition, human decision-making process (Wolpert 444 

and Landy, 2012; Cos, 2017) is important in motor planning and force perception, especially in uncertain 445 

environments (Wong and Haith, 2017; Sarlegna and Sainbury, 2009; Sober and Sabers, 2005). We 446 

observed that most participants over-estimated their anticipated target relative to the veridical values in 447 

the test trials. This could be explained by the effect of the deprivation of visual feedback; that is, such 448 

uncertainties might have increased the delay of decision making. The over-estimation might have been 449 

caused by minimizing the risk of not reaching the target. This could be also explained by a statistical 450 

decision theory such as Bayesian model (Trommershäuser, et al., 2005; Nagengast, et al., 2011). 451 

Besides, the current study examined human predictions of force in the range previously experienced 452 
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(i.e., the half of the target). Suppose, however, participants were asked to make a prediction outside the 453 

range (2 times of the target force for example), then uncertainty would much increase, so that different 454 

brain mechanisms might be involved in anticipation and the performance change. Future experiments 455 

could test such a possibility. 456 

Our results showed that position estimation was overall better than the force prediction. 457 

Interestingly, the direction of visual feedback synchronised with hand movements affected the 458 

performance. Comparing figures 4B and 5B, we observe better position estimation for the vertical 459 

direction (Experiment 1) than for the radial direction (Experiment 2). In contrast, comparing figures 4C 460 

and 5C, we see that force estimation was better in radial feedback compared with vertical. The isometric 461 

measurements, without hand movements (conducted in Supplemental 2), showed that both full-force 462 

and half-force estimations were relatively less accurate than other conditions with hand movements, 463 

excluding the half-force prediction in logarithmic condition. The vertical hand movements were closely 464 

related to body perception and could have had referred to the centre of body in making a position 465 

estimation. Previous research also demonstrated that postural adjustment is an important factor in motor 466 

control (Peterka, 2002; Peterka and Loughlin, 2004; Rueckert et al., 2016) and in force perception (van 467 

Beek et al., 2013). 468 

 469 

 470 

Finally, our findings could contribute to practical applications in interactive environments. 471 

Exoskeleton technologies, for example, are increasingly used in rehabilitation and industrial fields, and 472 

it is essential to incorporate biomechanical feedback of human movements. Relevant to the present study 473 

is the need, when touching uncertain compliant surfaces, to prevent a dissociation between human force 474 

perception and impedance control, for safety reasons (Roveda et al., 2019). Further experiments would 475 

provide an optimal solution to predict and guide human motor behaviour by changing stiffness online 476 

in human-robot interaction. Moreover, an understanding of how humans maintain stable postures when 477 

interacting with external force, and an understanding of how humans predict the forthcoming state, 478 

would be valuable in developing control algorithm for self-regulating robots. Later technology might 479 

achieve a fully autonomous robot exhibiting human-like behaviour when sitting on a gym ball. 480 

  481 
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 624 
Figures 625 
 626 
Figure 1. Experimental Settings. A. Four different types of force dynamics employed: [1] linear, [2] 627 
quadratic, [3] logarithmic, and [4] half-linear. Three stiffness profiles ([1],[2], and [3]) were designed 628 
to produce the same force 30 kg∙m/s2 at Z = 12 cm, and [4] was the half of the [1], that is 15 kg∙m/s2 at 629 
Z = 12 cm. The red dotted lines indicate the desired values in half-position and half-force prediction 630 
task. B. A cartoon of the explanation of the experimental settings. C. A typical example of motion 631 
profile of one participant in three stiffness conditions. Three coloured solid lines indicate averaged 632 
performance of force (Fz) vs. position (Z). blue: linear model, red: quadratic model, green: logarithmic 633 
model, respectively. The grey areas represent standard deviations of the performance in each model. 634 
(Note: in this figure, "noisy" trajectories during holding the end-effector around the target (at Z = 12 635 
cm) were excluded.) 636 
 637 
 638 
Figure 2. Experimental Protocol. A. a diagram of the four sessions. Following the practice, each 639 
session consisted of a series of five blocks: 1) baseline/wash-up, 2) learning, 3) half-force estimation 640 
task, 4) half-position estimation task, 5) half-force estimation task, and then questionnaire periods. The 641 
baseline/wash-up employed the half-linear condition. Then, one of three types of stiffness profiles 642 
(linear, quadratic, logarithmic) was assigned pseudo-randomly after the baseline/washup.    B. a 643 
cartoon illustrating the repetitive movements to reach the target (Z = 12 cm, Fz = 30 kg∙m/s2) and a 644 
test trial. 645 
 646 
 647 
Figure 3. Changes in learning metrics in three conditions. Evaluation of 36 participants over the course 648 
of the 50 repetitions. The graphs represent the means with standard errors of the M values in three 649 
different stiffness profiles. A. learning-curves in all the three stiffness models. B. learning performance 650 
in “quadratic” model. C. in “linear” model. D. in “logarithmic model. E. focusing on the initial 10 trials.   651 
 652 
 653 
Figure 4. Stiffness perception in three force dynamics in Experiment 1. Thirty-six participants’ 654 
performance in the "half-position" and "half-force" test trials. Blue, red, and green colours, 655 
respectively, represent linear, quadratic, and logarithmic stiffness conditions. A. normalised averaged 656 
performance in the half-position trials (light-coloured bars with diagonal lines, on the left sides) and in 657 
the half-force trials (dark-coloured bars, on the right sides). Error bars denote ± 1 standard error. B. in 658 
the half-position trials, the individual data were plotted onto the lines representing the stiffness 659 
dynamics. C. in the half-force trials. The individual data averaged in the test trials were plotted onto 660 
the line representing the force dynamics. Large crosses represent the mean values and black line is 661 
regression line fitted to the shown means. 662 
 663 
 664 
Figure 5. Averaged normalised performance across 14 participants at the half-position and at the half-665 
force trials in Experiment 2. Blue, red, and green colours, respectively, represent linear, quadratic, and 666 
logarithmic stiffness conditions. A. normalised averaged performance in the half-position trials (light-667 
coloured bars with diagonal lines, left) and in the half-force trials (dark-coloured bars, right). Error bars 668 
denote ± 1 standard error. B.in the half-position trials, the individual data were plotted onto the lines 669 
representing the stiffness dynamics. C.in the half-force trials. The individual data averaged in the test 670 
trials were plotted onto the line representing the force dynamics. Large crosses represent the mean values 671 
and black line is regression line fitted to the shown means. 672 
 673 
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 675 
Tables 676 
 677 
Table 1. Spring type, stiffness and force 678 
 679 

 type stiffness force 

Linear Full [1] 250 250 Z 

 Half [4] 125 125Z 

Non-Linear Quadratic [2] 2083 Z 2083Z2 

 Logarithmic [3] 86.6 Z-1/2 86.6 Z1/2 

       The four different forces are rendered by changing the spring stiffness. 680 
 681 
 682 
 683 
Table 2. Summary of comparison between the half-position task performance vs half-force task 684 
performance at the test trials in Experiment 1. 685 
 686 

 z-position  z-force 

Force types half-position task half-force task  half-position task half-force task 

 Mean SD Mean SD  Mean SD Mean SD 

Linear 0.653 0.113 0.704 0.096  0.662 0.125 0.713 0.107 

Quadratic 0.645 0.121 0.744 0.106  0.432 0.162 0.569 0.159 

logarithmic 0.633 0.112 0.666 0.113  0.802 0.078 0.821 0.080 

Mean = averaged across 36 participants (5 trials for the half-position, 10 trials for the half-force), SD = 687 
Standard deviation. 688 
 689 
 690 
 691 
Table 3. Summary of comparison between the half-position task performance vs half-force task 692 
performance at the test trials in Experiment 2. 693 
 694 

 z-position  z-force 

Force types half-position task half-force task  half-position task half-force task 

 Mean SD Mean SD  Mean SD Mean SD 

Linear 0.643 0.065 0.670 0.106  0.643 0.065 0.670 0.107 

Quadratic 0.576 0.076 0.772 0.091  0.340 0.089 0.607 0.145 

logarithmic 0.656 0.090 0.608 0.124  0.807 0.055 0.773 0.084 

Mean = averaged across 14 participants (5 trials for the half-position, 10 trials for the half-force), SD = 695 
Standard deviation. 696 
 697 
 698 
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