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Abstract

:

Individuals with disabilities and persons operating in inaccessible environments can greatly benefit from the aid of robotic manipulators in performing daily living activities and other remote tasks. Users relying on robotic manipulators to interact with their environment are restricted by the lack of sensory information available through traditional operator interfaces. These interfaces deprive users of somatosensory feedback that would typically be available through direct contact. Multimodal sensory feedback can bridge these perceptual gaps effectively. Given a set of object properties (e.g., temperature, weight) to be conveyed and sensory modalities (e.g., visual, haptic) available, it is necessary to determine which modality should be assigned to each property for an effective interface design. The goal of this study was to develop an effective multisensory interface for robot-assisted pouring tasks, which delivers nuanced sensory feedback while permitting the high visual demand necessary for precise teleoperation. To that end, an optimization approach was employed to generate a combination of feedback properties to modality assignments that maximizes effective feedback perception and minimizes cognitive load. A set of screening experiments tested twelve possible individual assignments to form this optimal combination. The resulting perceptual accuracy, load, and user preference measures were input into a cost function. Formulating and solving as a linear assignment problem, a minimum cost combination was generated. Results from experiments evaluating efficacy in practical use cases for pouring tasks indicate that the solution was significantly more effective than no feedback and had considerable advantage over an arbitrary design.
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1. Introduction


Robot-assisted manipulation has applications in diverse tasks and environments. In the last decade, applications of high significance have emerged, such as in robot-assisted surgical procedures [1,2] and space and undersea exploration [3,4]. In addition, remote robot manipulation is useful for situations that are hazardous to humans, such as toxic waste clean-up sites [5], or scenarios where humans may adversely affect the environment, such as clean rooms [6,7]. One other field where remote robot operation is emerging is assistive technology [8,9,10,11]. Robot manipulators can significantly enhance the quality of life of individuals with disabilities [12,13].



Users relying on robotic manipulators to interact with the environment are deprived of an experience comparable to direct object manipulation due to the lack of access to sensory information such as tactile, thermal, and force feedback. Such somatosensory feedback can convey information such as thermal and tactile properties of the object being manipulated. By doing so, they may contribute to enhancing situational awareness and aiding decision making relevant to the tasks being executed [14,15,16]. Multimodal feedback interfaces may provide effective solutions to bridging this gap and have been explored previously in several applications such as human–computer interaction and teleoperation [17,18].



The premise of a multimodal feedback interface is that information can be conveyed more effectively when distributed across modalities. For example, if one is engaged in a visually occupying task, it would be better to provide instructions through sound rather than a visual display [19]. Thus, the intention is to avoid overloading a single perceptual pathway and/or provide additional information that cannot be obtained by a single modality alone. Cognitive models of information processing such as Wickens’ multiple resource theory [20] support this reasoning [21,22]. Further, Ernst’s theory of sensory integration indicates that the accuracy of perception increases with the number of modalities that present congruent or redundant information [23].



Although multimodal feedback studies with assistive robotic manipulators are limited, investigations spanning a range of other similar applications have been reported. In [24], an interface provides visual, auditory, and tactile feedback from a virtual telepresence robot through the corresponding modalities. In [25], visual, audio, and haptic feedback is provided in redundance for a virtual manipulation task. A multimodal vibrotactile interface provided multiple properties in an upper limb prosthesis [26]. Interfaces have also been studied for collaborative robots to inform users of robot status [21] and independent robot interactions [27]. Multimodal feedback also proved useful in poor visual conditions [28,29] in teleoperation tasks. Several reviews of multimodal displays [17,18,30] have concluded that performance is empirically shown to improve with feedback across a variety of tasks.



However, some studies suggest that certain combinations of modalities may counter-productively prove to be burdensome, and an optimal combination may be dependent on the task type [17], individual differences [31], and context [32,33]. As a result, evaluative studies of multimodal feedback have yielded conflicting results across the literature. In a study comparing uni-, bi-, and tri-modal feedback conditions [34], the bimodal condition of haptic and visual feedback emerged most effective. On the other hand, a user study found that the introduction of vibrotactile and auditory feedback improved performance time in the operation of an impact wrench, but that the addition of force feedback did not improve performance [35]. Results from a multimodal vibrotactile feedback study indicated the need for additional research to determine whether the combination of certain feedback types may cause sensory confusion [26]. A neural efficiency study found task performance to be highest for visual only feedback compared to visual and haptic feedback in a virtual robot interaction task [27]. Due to such variability, multisensory feedback interfaces cannot be generalized across applications and would benefit from a context-generalizable design approach.



Remote robot control draws heavily on visual resources to guide navigation and detect critical objects while maintaining environmental awareness [22]. It would therefore be expected that perceptual demands will primarily be placed on visual channels, as demonstrated by several studies evaluating visual cues and displays in teleoperation [22]. The primary manual tasks related to robot control may include subtasks such as mode shifts, button presses, and other input interactions while steering a joystick in a traditionally controlled robot. These tasks require visual and motor attention. Including multimodal feedback in the user interface adds several secondary subtasks (i.e., to perceive the modalities) to the robot operation tasks of visually tracking and manually controlling the robot that may distract the user. Thus, to design an effective multimodal feedback interface, the perceptual demands of the interface should be balanced with those of a robot operation task.



Approaches for designing multisensory interfaces that deliver feedback effectively while balancing any cognitive burdens associated with the interface have not been discussed extensively. A systematic approach to designing an interface for stationary robot feedback in an industry setting by employing one hundred employee responses to an online questionnaire has been proposed previously [21]. However, this approach relies solely on subjective responses and may also not be as easily adapted in applications where the reachable number of users is limited. In the study by Zhang et al. [36], an optimal assignment approach is used to provide multimodal feedback of image properties to blind individuals in a virtual image exploration task. Apart from this, many of the studies conducted so far have been evaluative studies of predetermined combinations measuring criteria such as performance time, accuracy, and cognitive load [37,38]. These findings, as made evident by varying results across the spectrum, are likely to be applicable exclusively to those specific applications and contexts.



The primary objective of this work was to develop an effective multisensory interface for robot-assisted pouring tasks, which delivers nuanced sensory feedback while permitting the high visual demand necessary for precise robot operation. To that end, an optimization approach was employed to generate a combination of feedback property to modality assignments that maximizes effective delivery and minimizes load. A system was developed integrating a robotic arm with a haptic device, vibrating tactors, a visual display, and a thermal feedback module as modalities to provide weight, temperature, and liquid level properties in a robot-assisted pouring task. A set of metrics including perception accuracy and resolution and cognitive load measures was selected to model the cost to be optimized. A linear assignment problem structure was used to solve for the optimal mapping based on the selected metrics. Two sets of experiments were conducted. The first set collected data for the selected metrics from which a minimum cost solution was generated. The second experiment evaluated the efficacy of the generated solution for decision making tasks against a control case of no feedback and an arbitrary design.




2. Materials and Methods


2.1. System Architecture


The overall architecture for the control and feedback interface is summarized in Figure 1 below. A Gen2 6DOF JACO arm (Kinova® Boisbriand, QC, Canada) [8] was used without the manufacturer-provided joystick. Control inputs to guide the robot were provided through a Force Dimension® (Nyon, Switzerland) Omega 7 haptic device [39] joystick and keyboard presses. Sensors were mounted on the robot gripper, including a capacitance-based, non-contact liquid sensor for liquid level and an infrared thermal sensor for temperature. Property information acquired from the robot end were provided through multiple feedback modalities, including kinesthetic force feedback through the same haptic device, visual feedback through a 7″ LCD monitor, vibration feedback through an Engineering Acoustics® (Casselberry, FL, USA) tactor device [40], audio speech cues through the computer speakers, and thermal feedback through an Arduino-controlled Peltier device. Serial communication was established between all devices and integrated in a multithreaded console application on a Windows™ 7 desktop computer.



Following the results and tradeoffs discussed by Jiang et al. in [41] in a comparison of multiple input modalities including the haptic device 3D joystick, a hybrid control approach integrating a haptic device joystick and keyboard inputs was implemented. The haptic device served as the motion control input method to guide the robot while keyboard inputs were used for shifting between modes and to carry out other built in single-command motions.



The feedback modalities were configured to render property feedback for a desired temperature range of 60–145 °F, a weight range of 0–10 N, and a binary (above or below grasp point) indicator for liquid level.



Haptic feedback: Haptic force feedback (Figure 2) was rendered as a downward force on the joystick stylus. The true weight (N) of the pouring vessel was provided for weight while for liquid level a downward force indicated that liquid was above the grasp level and no force indicated no liquid detected.



Vibration feedback: The vibration modality (Figure 2) was a substitution modality for all the properties selected for this problem. In all three cases, frequency was mapped linearly from the desired property range to the maximum range afforded by the tactor device (30–350 Hz). The tactor device [40] comprises C-2 tactors with mechanical resonance in the 200–300 Hz range, coinciding with the peak sensitivity of the Pacinian corpuscle at 250 Hz [42].



Visual feedback: The visual feedback modality provided information through text and color displayed on a 7″ LCD monitor placed in front of the user (Figure 2). Feedback properties were categorized to provide text outputs of categories (e.g., ‘Hot’, ‘Very Hot’), and background color intensities were used to differentiate between higher and lower values within categories. For example, warmer temperatures were progressively deeper red in color, and cooler temperatures were deeper blue with a white neutral range (90–95 °F).



Audio feedback: Audio feedback was provided as speech cues describing the categories for each of the properties in the text outputs of the visual feedback modality above—i.e., ‘Very Cold’, ‘Cold’, ‘Cool’, ‘Warm’, ’Hot’, and ‘Very Hot’ for temperature; volume conversions ‘Less than one quarter full’, ‘One quarter to one half full’, ‘One half to three quarters full’, and ‘Three quarters to full’ to represent weight; and ‘Liquid is ABOVE level’ and ‘Liquid is BELOW level’ for liquid level—were implemented here. Unlike the visual modality, the audio modality did not capture the resolution of color gradient changes within each category. Speech files generated from a text-to-speech converter were used with equal playback speed, volume, and pitch across all modalities. The audio cues were provided through the speakers installed on the LCD monitor, in close proximity to the user.



Thermal feedback: Thermal displays may be implemented using Peltier cells, which can be electronically controlled to generate heat toward or away from an area of skin that it is in contact with [42,43,44]. The thermal feedback modality in this system was implemented through a wrist-mounted Peltier device (Figure 2). The device was placed on the wrist because of its sensitivity to temperature; proximity to the palm, where a high concentration of thermal receptors is found; and practical positioning in the robot control task. Thermal feedback was the only provided modality-matched feedback of temperature.




2.2. Optimization Approach


Optimization approaches have been used previously, combining perception or recognition accuracy and psychophysiological measures for haptic image rendering [36] and gesture-based interaction studies [37]. In this work, we used the structure of the linear assignment problem (LAP) to find an effective mapping of each of the three identified properties to one of five available feedback modalities with feedback perception accuracy and cognitive load metrics considered.



The linear assignment problem is a combinatorial optimization problem that deals with the question of assigning a given number of tasks to a given number of agents such that the total cost is minimized [45]. It consists of two components: the underlying combinatorial structure that defines the assignment and an objective function that models the cost of assignment [46].



Using this structure to frame the problem, we first begin with a cost matrix representing the possible mappings of properties to modalities (Table 1). Five possible sensory modalities (vibration, visual, haptic, audio speech cues, and thermal) were selected to convey three selected properties of interest in this study. The LAP constrains the problem such that only one modality can be used to represent one property. Further, not all assignments were included as candidates. Only modality renderings that have been demonstrated in previous work or renderings that had straightforward translations for the property were used. The remaining mappings (darkened cells in Table 1) were treated as initial conditions with costs set to infinity.



Based on the experimental results discussed in the subsequent section, we defined a cost function with a set of identified metrics to compute the costs associated with the assignments. The optimum mapping combination from 30 possible combinations can thus be generated by finding the combination of mappings that yields the minimum total cost.



Thus, the assignment problem can be defined as follows:



Given two sets of vertices, P representing a set of properties (size 3) and M representing a set of modalities (size 5) with a cost function C: P × M → Q, find a bijection function h: F → M that minimizes the total cost. Thus, for the matrix presented in Figure 2, find the minimum cost linear assignment:


  m i n   ∑  i ∊ P      ∑  j ∊ M      C   i j     x   i j        



(1)




where:


    ∑  j ∊ M      x   i j     = 1   for i ∊ P  



(2)




and


    ∑  i ∊ P      x   i j     = 1   for j ∊ M  



(3)




with


     x   i j     =       1   if there is an assignment of i to j       0   otherwise         



(4)




and the cost of no assignment set to infinity. Because the sizes of the property and modality sets are different, an extension of the Hungarian algorithm for a rectangular cost matrix introduced by Bourgeois and Lasalle (1971) [47] was used to solve this problem.



To define and quantify the cost function, a set of metrics were identified to be included in the cost function for optimization. The metrics selected for this study included perception accuracy, change response accuracy, cognitive load measures, and a subjective preference rating.



Perception accuracy: Given the categories (or levels) into which the range of one property was divided, perception accuracy was defined as the closeness of the perceived category to the actual category [38]. Thus, in the screening experiments, it was defined as follows:


  A c c = 1 −       C   a   −   C   p       n    



(5)




where     C   a     is the actual category of stimulus,     C   p     is the perceived category of stimulus, and   n   is the number of possible categories for the property. This categorized approach was based on the human tendency to discretize continuous information into categories for decision making [48], termed ‘categorical perception’ [49].



Change response accuracy: This measures sensitivity to changes and was defined as the ability to detect whether a change (increase or decrease) has occurred and in which direction [38,50]. To quantify this measure in the screening experiments, responses for whether the perceived feedback was higher than, lower than, or the same as the previous trial were scored of 1 if correct, and if incorrect, a score of 0 was given.



Cognitive load measures: To measure cognitive load, a Detection Response Task (DRT) was used. The DRT is an ISO standard tool used in driving experiments to measure driver distraction [51]. The method consists of a simple task where subjects respond to a frequently repeated stimulus presented at randomized intervals of 3–5 s [52]. Hit rate and mean reaction time measurements of the DRT has been used as an objective cognitive load metric in driving and human–computer interaction tasks [52,53,54]. Decreased hit rate and increased reaction time correlate to increased cognitive load. To focus on visual attentional load, we implemented a remote DRT with a visual stimulus placed in the task environment. Hit rate (responses to stimuli as a fraction of total stimuli) and mean reaction times to each hit were recorded per trial.



Subjective preference rating: Subjective feedback has been an integral method of assessing user acceptance and identifying additional requirements [15,55,56]. Subjective preference ratings can capture several factors that are subtle and/or difficult to quantify including perceptions of physical comfort, psychological comfort, integrated sensory perceptions [57], and elements of subjective workload that may reflect effects of resources such as memory [58] and task differences [59]. To capture a combined measure of other factors that may affect the efficacy of a multisensory interface, a subjective preference rating was included in this study as a metric to inform the assignment cost. A multi-attribute preference weighting technique known as the analytic hierarchy process (AHP) [60,61] pairwise comparison method was used to determine subjective preference ratings. This process was applied by collecting pairwise preference comparisons of the feedback modalities (e.g., visual vs. vibration) for each property from the subject, corresponding to each property set of trials in the screening experiments. These ratings were then used to compute scores per modality by adding the total number of times a modality was selected from a pair. Final scores were generated by dividing by the maximum possible score (where the maximum score was 3) such that total weights summed to 1.



All of the measures above were normalized to between 0 and 1, and normalized means of data from the screening experiments were used to quantify associated costs. Data corresponding to these metrics were then collected from a set of screening experiments discussed in the next section.



The objective cost function to compute the costs of each cell in the cost matrix was defined as a weighted sum of the metrics generated through the screening experiments. Thus, a set of metrics   y   of size k as response variables from the screening experiments and a set of corresponding weights   w   of size k defined the contribution of a given metric to the cost. The cost function was defined as follows:


     C   i j     =   ∑  k      w   k     y   k       



(6)




where   y   is the set of metric means normalized to between 0 and 1, which may include measures of perception accuracy and change, DRT load measures, and the subjective preference rating. The set of weights,   w ,   were generated using a subjective method during the screening experiments.



The AHP was also used to determine subjective metric weightings. To do this, a hypothetical scenario was constructed where the robotic manipulator would be used to make a drink consisting of a cup of coffee or tea. Subjects were asked to provide a pairwise comparison rating of which factor they perceived to be more important in this task. Each factor corresponded to one metric in the optimization cost. These ratings were collected after the subject had trained on the robot such that they had a clear idea of the demands of manipulating the robot, but before the screening experiments and introduction to feedback modalities such that responses would not be biased by the idea of feedback availability. Final weights computations for a set of metrics size k were computed from mean metric scores     m   k     as follows:


    w   k   =     m e a n ( m   k   )     ∑  k      m e a n ( m   k   )      



(7)







Using the problem definition, cost function definition, and weighting strategies discussed thus far, the LAP was solved to generate and optimal mapping. A set of evaluation experiments were then conducted to assess the generated solution against not providing any feedback or an arbitrary design.




2.3. Experimental Design


This study involved two sets of experiments. In the first screening experiments, we collected data to quantify the costs associated with each of the identified metrics. Twelve individual assignments that could generate 30 possible combinations were tested in this set. In the validation experiments, we evaluated the generated solution against a control case without feedback and against an arbitrary design.



2.3.1. Screening Experiments


In this set of experiments, a within-subjects design was employed where each subject tested all the individual property-modality assignments with the same task. For the properties selected in this application, a robot-assisted pouring task was chosen. Experiments were divided into three sets representing each property (temperature, weight, and liquid level) completed on separate days, each of which contained four modality assignments. To compensate for possible learning effects tied to participants becoming more comfortable with controlling the robot, the three sets were ordered from the easiest to the hardest property set (liquid level, weight, and temperature) and within each set from easiest to hardest feedback rendering (visual, audio, vibration, and haptic/thermal). Each subject performed three trials of the pouring task for each assignment pair, for four modalities assigned to each of the three properties, totaling 3 × 4 × 3 = 36 trials per subject. Nine subjects (four male, five female) were recruited for this experiment, yielding a data set with a total of 324 trials with n = 27 trials per each individual assignment.



The experimental setup for this experiment was similar to the preliminary DRT experiment setup described above, but with inclusion of the different feedback modalities. The system with the JACO robot, haptic device, sensing, and feedback modalities as described was set up for a robot-assisted pouring task, as illustrated in Table 1. Black 26oz plastic tumblers (16.81 cm tall, 8.89 cm diameter opening, Target Corporation, Minneapolis, MN, USA) were used as the sample vessels from which to pour and a large bowl was used as the receiving vessel. The robot was mounted in a fixed position on the table and the bowl position remained fixed. The robot end effector was returned to the same ‘home’ position before each trial. A control console placed between the subject and the table supported the haptic device, keyboard for mode shifts, and LCD display with speaker for feedback. The vibrating tactor elements were placed on the subject’s right wrist as illustrated in the table, and the thermal feedback device was worn on the left wrist. The DRT stimulus was mounted on the bowl with the button held in the participant’s left hand. Metrics identified to be optimized were the response variables of interest in in this set of experiments. These included feedback perception, cognitive load, and subjective preference metrics.




2.3.2. Evaluation Experiments


The primary objective of the validation experiments was to determine whether the generated mapping provided feedback in an effective manner. To address this, the solution feedback treatment was assessed against a control treatment of no feedback and a third treatment of an arbitrary solution. The mapping for the arbitrary design was selected randomly and liquid level was mapped to the visual display, weight to the haptic device/joystick, and temperature to the vibration modality. In the control treatment, since feedback was not available to make the relevant decisions, alternative exploratory strategies were identified to obtain the necessary information. These strategies are illustrated in Figure 3 and included touching the surface of the vessel to judge temperature and tapping the vessel on the table to judge amount of liquid from hollowness of the sound.



The same setup and robot-assisted pouring task used in the screening experiments was adapted for these experiments. All three feedback modalities were simultaneously activated for the duration of each trial.



Decision success, task completion time, and subjective mental demand ratings were collected as response variables. Decision success was marked between 0 and 1 following the conditions as described in each of the use cases. Because the alternative strategies resulted in tasks of varying lengths, the DRT was not used to quantify load in this experiment. Instead, a subjective mental demand rating on a 0–100 scale was collected at the end of each trial. This was supplemented by the response time variable, which captures additional load by alternative strategies and perception through complex modalities and represents a convenience measure for real-life situations. Response time captured the time taken to make the decision and complete the pouring task. One-way ANOVA was performed to analyze results using a linear mixed model that factored in the treatment and sample as main effects and the subject as a random effect.



Three separate use cases targeting different properties were defined to test each of the treatments. A within-subjects design was used where each subject performed two trials for each treatment with each use case. Twelve subjects (six female, six male) were recruited to test the control vs. solution, totaling 24 trials per use case per treatment. Seven of these subjects (four male, three female) tested all three treatments, yielding 14 trials per use case per treatment.



Case 01: Temperature Decision Task: The first use case was a temperature decision task. For each trial in the experiment, if the sample was in the desired ‘Hot’ range (105–115 °F, 40.6–46.1 °C), the subject was instructed to continue with the pouring task. If the sample was above this range, subjects could choose to wait till the sample reached the correct range and then decide to pour. Success (1) or failure (0) was recorded based on the decision. The decision was marked as a failure if the sample was at the desired temperature, but the participant chose to wait; the sample was too hot, but the participant chose to continue; the participant did not wait long enough for the temperature to reduce to the desired range; or waited too long. For the temperature trials, where some trials were compounded by a wait time, response time was computed as the wait time subtracted from total task time to compute response time.



Two fixed sample levels were defined for this experiment. The first was at 110 °F (43.3 °C, the desired) and the second was at 145 °F (62.8 °C, too hot). The sample type was selected randomly with replacement for each trial. Prior to the experiment, the subject was given reference samples to hold.



Case 02: Empty Vessel Identification: The second use case required the participant to identify whether the vessel was empty or not empty. For each trial in the experiment, subjects were tasked with identifying whether the vessel was empty or not. Success (1) or failure (0) was recorded based on the decision. The decision was marked as a failure if the sample was empty, but the participant identified it as not empty or vice versa. Participants were instructed to inform of their decision as it was made and continue with the pouring motion to keep the task time at a comparable length.



The two fixed sample levels were an empty sample and a half-full sample. The sample type was selected randomly with replacement for each trial. Prior to the experiment the subject was introduced to the tapping sounds for each sample as reference.



Case 03: Tilt Angle Estimation: In the third use case, the participant was tasked with estimating the angle of tilt to bring the meniscus of the liquid stream to a target region in the vessel. Prior to the experiment, the subjects were shown the marked target range in the vessel (Figure 4, left), which covered an area of 0.75 inches below the rim of the cup without spilling.



The decision was marked as a failure (0) if the liquid spilled out of the opening in the coffee lid or the liquid was below the level of the targeted range. If the liquid did not spill out of the opening, but spilled when the lid was removed, the trial was marked with a 0.5. A successful tilt is shown in Figure 4.



The two sample levels used were a quarter-full sample and a three-quarters-full sample selected randomly with replacement for each trial. Prior to the experiment, the subject was introduced to the tapping sounds for each sample as reference.






3. Results


This section discusses the results of each experiment, including means of response variables and one-way ANOVA results (α = 0.05) for each property-modality assignment in the screening experiments, generated metric weights, cost functions, and one-way ANOVA and post-hoc Tukey test results (α = 0.05) of the validation experiment for each use case.



3.1. Screening Experiments


Results for each of the response variables were as follows:



Perception accuracy: One-way ANOVA results for perception accuracy (Figure 5) show significant differences between modalities for all three properties with F = 4.52, p = 0.0051 for liquid level; F = 8.46, p = 4.427 × 10−5 for weight; and F = 17.32, p = 3.389 × 10−9 for temperature. The significant results for perception accuracy confirm that it is an important and relevant metric to be included in the cost function for identifying an appropriate mapping.



Change response accuracy: Despite the differences in means observed in Figure 6, the ANOVA results for change response accuracy yielded F = 0.69, p = 0.5632 for liquid level; F = 1.89, p = 0.1397 for weight; and F = 1.4, p = 0.2512 for temperature. The insignificance of results for this metric indicates that it may not be a critical metric to be included in the cost function.



DRT measures: For the DRT hit rate means observed in Figure 7, the ANOVA results found F = 2.01, p = 0.1166 for liquid level; F = 4.47, p = 0.0054 for weight; and F = 3, p = 0.0338 for temperature. While liquid level was found to be insignificant, the results for weight and temperature categories are observed to be significant for the DRT hit rate. Since liquid level is the simplest of the properties, and the more complex properties were significant, we can interpret these results to indicate that DRT hit rate is a valid inclusion in the cost function for optimization. Although differences in means are observed on Figure 8, the ANOVA results for DRT reaction time produced F = 0.12, p = 0.9486 for liquid level; F = 1.8, p = 0.1509 for weight; and F = 1.22, p = 0.2704 for temperature. The insignificance of results for this metric indicates that it may not be a critical metric to be included in the cost function.



Subjective preference score: ANOVA results for subjective preference comparisons from the AHP analysis (Figure 9) were found to be highly significant with F = 21.05, p = 9.861 × 10−11 for liquid level; F = 19.75, p = 3.289 × 10−10 for weight; and F = 92.26, p = 3.439 × 10−29 for temperature. The significance of results confirms that it is an important and relevant metric to be included in the cost function for identifying the minimum cost assignment.



Metrics for weighting: Metrics for weights were generated through a subjective pairwise comparison completed by the nine participants after robot training and before the experiments. The resulting weights for all the metrics are shown in Figure 10. However, since some metrics were not significant in the screening experiment results, a second set of weights was generated with those metrics filtered out. ‘Attention’ represents the importance of visual attention on the task and is intended to isolate only DRT hit rate while ‘overall demand’ captures DRT reaction time.



In Figure 10 (left) the lowest-weighted metrics were also the insignificant metrics in the experimental results. This indicates that metrics perceived to be least important in the subjective method predicted the experimental outcome and thereby corroborates the screening experiment results. Since the weighting was completed prior to the introduction of the feedback interface, the experiments, and the perception tasks, the responses were not biased by knowledge of what was measured during the experiment. The significance results and the metric weighting results were thus mutually supportive of their relevance and provide further validation of the process.




3.2. Assignment Solution


The final step in the solution strategy was to define a cost function, generate a cost matrix, and solve for the final solution. Since some metrics were found to be insignificant, two sets of weights were defined, and cost matrices were generated for two cases, both with and without the insignificant metrics. The cost function for significant metrics only was defined as follows:


    C   i j   =   w   1     1 − A c c   +   w   3     1 − H R   +   w   5   ( 1 − P r e f )  



(8)




where   A c c  ,   H R  , and   P r e f   are the means of perception accuracy, hit rate, and preference score, respectively, and   1 − A c c  ,   1 − H R  , and   1 − P r e f   translate to error, miss rate, and disfavor of the modality, all of which would increase the cost.



For the case with all the metrics, this equation is modified:


    C   i j   =   w   1     1 − A c c   +   w   2     1 − C h   +   w   3     1 − H R   +   w   4     R T   +   w   5   ( 1 − P r e f )  



(9)




where   C h   and   R T   are change response accuracy and DRT reaction time, respectively, and   1 − C h   is the change response error.     w   k     represents each respective weight identified in Figure 11. Computing costs in this manner yielded two cost matrices corresponding to Equation (8) and Equation (9), respectively. A minimum cost solution was generated for each matrix, both of which generated the same mapping solution illustrated in the bipartite graph in Figure 11.




3.3. Validation Experiments


The results comparing the solution mapping to the control experiments from the three use cases (the temperature decision task, empty vessel identification, and tilt angle estimation) are provided in Figure 12.



From the means, it can be observed that results are as expected across all the test cases with the solution performing consistently better with higher success rate, lower response times, and lower mental demand.



ANOVA results per use case were as follows:



Case 01 (temperature): Results from all three response variables are observed to be highly significant with F = 56.87, p < 0.0001 for success; F = 96.44, p < 0.0001 for response time; and F = 33.32, p < 0.0001 for mental demand. These results indicate that the feedback interface performed much better than the control strategies by providing significantly more reliable information to inform the decision, significantly reducing the time taken to execute the task, and offering a significant reduction on the cognitive demand of the task.



Case 02 (empty vessel): Significant differences are observed across all three variables once again for the second use case with F = 4.52, p = 0.0419 for success; F = 45.62, p < 0.0001 for response time; and F = 110.83, p < 0.0001 for mental demand. The feedback interface is seen to have performed much better than the control strategies in feedback delivery, task time, and cognitive demand in this use case.



Case 03 (tilt angle): Results are observed to be highly significant for response time F = 41.42, p < 0.0001 and mental demand F = 116.82, p < 0.0001, indicating that the feedback interface was successful in reducing task time and cognitive effort associated with this task. Despite the difference observed in Figure 12, however, success is not statistically significant with F = 1.63, p = 0.2116. This is likely due to the more complex nature of the task relative to the other use cases, on which the impact of the feedback interface may be more subtle.



Figure 13 illustrates the results comparing the solution mapping to an arbitrary mapping and the control in each of the three cases in this experiment. These results help determine whether the solution mapping was better than providing any arbitrary mapping of feedback.



Overall, consistent patterns are observed across the use cases, reflecting reliable experimental design and conditions and consequently reliable results. Results from one-way ANOVA and post-hoc Tukey tests are presented case by case below.



Case 01 (temperature): Results from all three response variables are observed to be highly significant with F = 18.42, p < 0.0001 for success; F = 124.08, p < 0.0001 for response time; and F = 8.13, p = 0.0018 for mental demand. Post-hoc Tukey tests indicated that the differences in success were significant between the solution and control and the solution and arbitrary treatments, indicating that the solution is capable of significantly better feedback delivery than both the arbitrary mapping and control. For response time, there was no significant difference detected between the solution and arbitrary mapping as predicted upon observation of means. For subjective load, the Tukey tests detected significant differences between the solution and control and the solution and arbitrary treatments, indicating that the solution significantly reduced cognitive load relative to the arbitrary mapping in addition to the control. Overall, these results indicate that the solution mapping performs better than the control for this use case.



Case 02 (empty vessel): Significant differences are observed with F = 26.68, p < 0.0001 for response time and F = 22.98, p < 0.0001 for mental demand, while the observed differences are found to be insignificant for success with F = 1.6, p = 0.2202. Given that the significance observed for solution vs. control with twelve subjects in the previous analysis is not observed here, a significant difference may be detected with the arbitrary mapping if a larger number of subjects were used to test this case. Tukey tests revealed that for response time there was no significant difference detected between the solution and arbitrary mapping similar to the previous case. For subjective load, the Tukey tests detected significant differences between the solution and both the control and arbitrary treatments, indicating that the solution significantly reduced cognitive load relative to the arbitrary mapping as well as the control.



Case 03 (tilt angle): Results are observed to be significant for response time F = 33.76, p < 0.0001 and mental demand F = 15.86, p < 0.0001, while success is not statistically significant with F = 0.5, p = 0.6096. This is not surprising, following insignificant results from the previous analysis, and can be interpreted in the same way. Similar to the previous cases, Tukey tests did not detect significant differences between the solution and arbitrary mapping for response time, although both treatments were significantly better than the control. The same was true for subjective mental load despite the differences in means observed in the graph. While none of the variables could differentiate between the arbitrary mapping and the solution in this use case, means indicate that the solution has an overall advantage in success and mental load.





4. Discussion


4.1. Screening Experiments


From the results across all metrics in the screening experiments, we observed that perception accuracy, DRT hit rate, and subjective preference yielded significant differences between two or more modalities, while change response accuracy and DRT reaction time differences were not found to be significant. For the purposes of our optimization cost function, we divided our approach into two parallel paths from this point forward: we computed cost weights and matrices and finally generated solutions with (1) only the significant metrics and with (2) all the metrics. In the remainder of this section, we will discuss the results obtained from each metric separately.



From Figure 5, it can be observed that the visual and audio modalities provided the best perception accuracy consistently across all properties and outperformed by modality-matched feedback (haptic to weight, temperature to thermal). This is not surprising as humans tend to favor visual and audio channels as general means for communication and learning [62]. For literate individuals, text, color, and speech cues are simple to learn and interpret, and can provide clear labels and representations of distinctions needed to be made. However, information processed through mechanoreceptors such as vibration and haptic perception do not provide the same resolution and are not as intuitive, especially when used as a substituted modality. Thermal perception is even lower in resolution likely due to the relatively sparse spread of thermoreceptors in the skin and is affected by the participant’s basal body temperature, which can influence the heat transfer rate and thus the perception of thermal cues [50]. However, it should be noted that all modalities yielded over 80% mean accuracy, supporting the choice of selected modalities and corresponding feedback configurations across the three properties despite the relative drawbacks.



In Figure 6, we observe that the haptic and vibration modalities provide better perception of change, especially relative to the audio feedback, and in the case of weight, also visual feedback. Since audio speech cues did not provide a method to draw distinctions within categories compared to the linearly scaled vibration and haptic feedback, this result captures when samples provided were in the same category in consecutive trials.



Based on Figure 7, the DRT results show that hit rate was lower for the visual modality compared to audio across all properties with higher corresponding reaction times, as well as compared to vibration and haptic in liquid level and weight indicating higher attentional load. Overall, audio feedback is seen to impose the lowest load for the robot-assisted pouring task. This aligns with the expected visual attentional load trade-off despite easier perception in the visual modality. Increased load in tactile, haptic, and thermal modalities may be attributed to kinesthetic interference in controlling the joystick and/or encumbrance. These would also be relevant factors to consider for a robot-assisted task with given control and input modalities. While DRT mean reaction time was found to be insignificant, it should be noted that the reaction time is computed only from hits while hit rate is a measure relative to the total of hits and misses. Despite this lack of significance, it is important to observe that the hit rate load increases are corroborated by consistently opposing reaction time trends, representing cognitive load without contradictions (i.e., lower hit rate and lower reaction time together).



The subjective preference score metric (Figure 9) is by far the most distinct measure between modalities. While the preference scores indicate that the visual modality was preferred consistently across all modalities, it is peculiar that for the remaining modalities, preferences vary depending on the property. The visual modality preference can be explained by our natural affinity for processing visual information, the ease of understanding text and color representations, as well as attributes such as low memory and effort requirements to retain the different category levels. While the audio feedback can have similar advantages, one repeated comment during experiments was that the repetitive vocalization of the category was irritating. Thus, for liquid level, it may have been viewed as an unnecessary inconvenience. The low preference score for thermal feedback, although modality-matched, may have resulted from confusion arising from perceiving temperature changes from one trial to the next and from initial to target temperature, as well as learning the association between skin temperature perception and oral temperature perception, which for some of the middle categories may have been counterintuitive. Overall, the subjective preference metric can be seen to have captured a number of different factors that would be useful to consider, and also presents the most variation between modalities.




4.2. Validation Experiments


Considering the first set of results (solution vs. control in Figure 13) we can conclude that the optimal solution is significantly more effective than the control treatment. This was true for all three metrics in the first and second use cases, and response time and subjective demand metrics in the tilt angle use case. The insignificance observed for tilt angle success may be attributed to the complexity of that task and may perhaps be observed more distinctly with a larger sample size. Overall, higher success rates, lower reaction times, and lower subjective load results demonstrated a clear and significant benefit from the presence of the feedback interface to aid in these tasks.



To determine whether the optimization approach yielded a near optimal solution, we compared the solution against an arbitrary design (Figure 13). Based on these means, the overall results observed were as expected across all the test cases with the solution performing with higher success rate and lower mental demand compared to the arbitrary mapping. While the arbitrary mapping was seen to improve response time and mental demand relative to the control, it performed as poorly or worse than the control in task success. This is arguably the most important performance metric for the interface because it reflects effective delivery of feedback and indicates that the optimization approach guarded against highly unreliable solutions. This observation underscores the value of the optimization approach used to produce the solution mapping.



Despite these promising observations in the means, only three of the comparisons (success for temperature task, subjective demand for temperature task, and subjective demand for empty vessel task) resulted in statistical significance in the differences. In all these comparisons that were significant, the optimal solution performed better than the arbitrary solution. In the remaining comparisons, the optimal solution performed better in means. This indicates that it had a considerable overall advantage over the arbitrary solution.



To further validate these results, we considered the costs generated for each of these mappings from the first set of screening experiments in the interpretation of these results. The total cost for the optimal solution was computed to be 0.634 while that of the arbitrary mapping was 1.011. However, there were a number of mappings that will result in even higher costs, the highest of which is 1.375 (mapping liquid level—haptic; weight—vibration; temperature—thermal). The difference between this worst mapping and the optimal (0.741) is almost double the difference of cost between the arbitrary solution (0.377) and the optimal. The arbitrary design tested here is placed in the mid-range of solution costs and we can expect the optimal solution to perform even better relative to a worse, higher-cost mapping and are likely to see increasing significance of results as the mapping cost increases. We can thus infer from these results that an effective solution was generated from the optimization strategy, and that it has effectively guarded against unreliable solutions that, as observed, may perform even worse than no feedback.



The results reported above are for only three of many possible use cases that could be constructed for this feedback. The solution feedback was determined to perform distinctly better than the control strategies based on the first analysis. Considering the complete set of results from the second analysis, the solution mapping was observed to have an advantage over the arbitrary mapping as evident in two of the three use cases and the trends in means. This visible advantage supports the use of the optimization approach in producing a sensory feedback interface. Further evaluation with more use cases, more elaborate versions of these use cases, and/or more subjects may also solidify these findings further.





5. Conclusions


In this study, an optimization approach was taken to develop a multimodal sensory feedback interface for robot-assisted tasks. Feedback perception accuracy, cognitive load, and subjective preference measures were selected as optimization metrics to produce a solution that balances effective feedback delivery with added attentional load requirements to those of controlling a robot. A robot-assisted pouring task was chosen as the functional task to be investigated. Three selected properties, temperature, weight, and liquid level, were configured to be conveyed through five available sensory feedback modalities including visual, audio, haptic, vibration, and thermal. A set of screening experiments were conducted to quantify the selected metrics. A subjective pairwise comparisons test was used to produce weighting coefficients for each of the metrics. The optimization problem was formulated and solved as a Linear Assignment Problem to generate the minimum cost property-to-modality assignment mapping. In a set of validation experiments with three selected use cases, the solution mapping was evaluated against a control treatment with alternative strategies and no feedback, and an arbitrarily mapped solution. Task success, response time, and subjective mental demand ratings were analyzed to evaluate the generated solution. Overall results indicate that the solution is significantly more effective than the control treatment and has considerable advantage over the arbitrary mapping solution. The proposed approach can therefore be concluded to have produced an effective solution for delivering feedback for robot-assisted tasks.



This approach addressed the contradicting requirements of providing effective sensory feedback to bridge the disconnection between the user and the task environment and minimizing the compounded cognitive load on robot operation which is by itself an attention-demanding function. It produced a solution that delivers information effectively, reduces the time taken to execute the task and improves user satisfaction and perceived mental effort. Bridging the multisensory feedback gap can expand the scope of robot-assisted tasks, increasing efficiency of the functions and processes that they are a part of, and advancing the utility of robots in the field and/or in the lives of users. The relevance of feedback for decision making—an overlooked aspect so far in robot-assisted tasks—is also demonstrated in this work. Further insights into the design considerations for such interfaces are generated from experimental findings, and results may also contribute towards further understanding of cognitive limitations associated with multisensory processing.
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Figure 1. Overall interface architecture. Blue arrows represent information flowing into the system from the user, while green arrows represent information flowing out of the system to the user as feedback. 
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Figure 2. The experimental setup with robot, joystick haptic device, feedback devices, and pouring task apparatus. A tumbler used as a sample vessel is also pictured in the robot grip. 
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Figure 3. Alternative strategies: touch (left) for temperature use case (case 01) and tap (right) for empty vessel and tilt angle use cases (case 02, 03). 
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Figure 4. Target tilt marking (left) and successful tilt (right). 
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Figure 5. Means of perception accuracy for each property and modality. Error bars represent standard error. * indicates modalities significantly different from visual display (p < 0.05). 
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Figure 6. Means of change response accuracy for each property and modality. Error bars represent standard error. No modalities significantly different from visual display (p < 0.05). 
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Figure 7. Means of DRT hit rate for each property and modality. Error bars represent standard error. * indicates modalities significantly different from visual display (p < 0.05). 






Figure 7. Means of DRT hit rate for each property and modality. Error bars represent standard error. * indicates modalities significantly different from visual display (p < 0.05).



[image: Actuators 13 00152 g007]







[image: Actuators 13 00152 g008] 





Figure 8. Means of DRT reaction time for each property and modality. Error bars represent standard error. No modalities significantly different from visual display (p < 0.05). 
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Figure 9. Means scores of subjective preference from AHP analysis for each property and modality. Error bars represent standard error. * indicates modalities significantly different from visual display (p < 0.05). 
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