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Human–robot collaboration could be advanced by facilitating the intuitive, gaze-based control of robots, and enabling robots to recognize human actions, infer human intent, and plan actions that support human goals. Traditionally, gaze tracking approaches to action recognition have relied upon computer vision-based analyses of two-dimensional egocentric camera videos. The objective of this study was to identify useful features that can be extracted from three-dimensional (3D) gaze behavior and used as inputs to machine learning algorithms for human action recognition. We investigated human gaze behavior and gaze–object interactions in 3D during the performance of a bimanual, instrumental activity of daily living: the preparation of a powdered drink. A marker-based motion capture system and binocular eye tracker were used to reconstruct 3D gaze vectors and their intersection with 3D point clouds of objects being manipulated. Statistical analyses of gaze fixation duration and saccade size suggested that some actions (pouring and stirring) may require more visual attention than other actions (reach, pick up, set down, and move). 3D gaze saliency maps, generated with high spatial resolution for six subtasks, appeared to encode action-relevant information. The “gaze object sequence” was used to capture information about the identity of objects in concert with the temporal sequence in which the objects were visually regarded. Dynamic time warping barycentric averaging was used to create a population-based set of characteristic gaze object sequences that accounted for intra- and inter-subject variability. The gaze object sequence was used to demonstrate the feasibility of a simple action recognition algorithm that utilized a dynamic time warping Euclidean distance metric. Averaged over the six subtasks, the action recognition algorithm yielded an accuracy of 96.4%, precision of 89.5%, and recall of 89.2%. This level of performance suggests that the gaze object sequence is a promising feature for action recognition whose impact could be enhanced through the use of sophisticated machine learning classifiers and algorithmic improvements for real-time implementation. Robots capable of robust, real-time recognition of human actions during manipulation tasks could be used to improve quality of life in the home and quality of work in industrial environments.
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INTRODUCTION

Recognition of human motion has the potential to greatly impact a number of fields, including assistive robotics, human–robot interaction, and autonomous monitoring systems. In the home, recognition of instrumental activities of daily living (iADLs) could enable an assistive robot to infer human intent and collaborate more seamlessly with humans while also reducing the cognitive burden on the user. A wheelchair-mounted robot with such capabilities could enhance the functional independence of wheelchair users with upper limb impairments (Argall, 2015). During bimanual iADLs, humans rely heavily on vision to proactively gather task-relevant visual information for planning (Johansson et al., 2001). For example, task-relevant information for manipulation could include the three-dimensional (3D) location of an object as well as its structure-related and substance-related properties, such as shape and weight, respectively (Lederman and Klatzky, 1987). Saccades typically precede body movement (Land et al., 1999) and reflect one’s strategy for successful completion of a task.

The relationships between human vision, planning, and intent have inspired roboticists to adopt similar vision-based principles for planning robot movements and to use human gaze tracking for the intuitive control of robot systems. For instance, gaze fixation data collected during the human navigation of rocky terrain have been used to inspire the control of bipedal robots, specifically for the identification and selection of foot placement locations during traversal of rough terrain (Kanoulas and Vona, 2014). Human eye tracking data have also been used in the closed loop control of robotic arms. Recently, Li et al. (2017) demonstrated how 3D gaze tracking could be used to enable individuals with impaired mobility to control a robotic arm in an intuitive manner. Diverging from traditional gaze tracking approaches that leverage two-dimensional (2D) egocentric camera videos, Li et al. presented methods for estimating object location and pose from gaze points reconstructed in 3D. A visuomotor grasping model was trained on gaze locations in 3D along with grasp configurations demonstrated by unimpaired subjects. The model was then used for robot grasp planning driven by human 3D gaze.

In this work, we consider how human eye movements and gaze behavior may encode intent and could be used to inform or control a robotic system for the performance of bimanual tasks. Unlike repetitive, whole-body motions such as walking and running, iADLs can be challenging for autonomous recognition systems for multiple reasons. For instance, human motion associated with iADLs is not always repetitive, often occurs in an unstructured environment, and can be subject to numerous visual occlusions by objects being manipulated as well as parts of the human body. Prior studies on recognition of iADLs often applied computer vision-based approaches to images and videos captured via egocentric cameras worn by human subjects. Video preprocessing methods typically consist of first subtracting the foreground and then detecting human hands, regions of visual interest, and objects being manipulated (Yi and Ballard, 2009; Fathi et al., 2011, 2012; Behera et al., 2014; Nguyen et al., 2016).

A variety of methods have been presented for feature extraction for use in machine learning classifiers. In some studies, hand–hand, hand–object, and/or object–object relationships have been leveraged (Yu and Ballard, 2002; Fathi et al., 2011; Behera et al., 2012). The state of an object (e.g., open vs. closed) has been used as a feature of interest (Fathi and Rehg, 2013). Another study leveraged a saliency-based method to estimate gaze position, identify the “gaze object” (the object of visual regard), and recognize an action (Matsuo et al., 2014). Other studies have employed eye trackers in addition to egocentric cameras; researchers have reported significant improvements in action recognition accuracy as a result of the additional gaze point information (Yu and Ballard, 2002; Fathi et al., 2012).

In the literature, the phrase “saliency map” has been used to reference a topographically arranged map that represents visual saliency of a corresponding visual scene (Itti et al., 1998). In this work, we will refer to “gaze saliency maps” as heat maps that represent gaze fixation behaviors. 2D gaze saliency maps have been effectively employed for the study of gaze behavior while viewing and mimicking the grasp of objects on a computer screen (Belardinelli et al., 2015). Belardinelli et al. showed that gaze fixations are distributed across objects during action planning and can be used to anticipate a user’s intent with the object (e.g., opening vs. lifting a teapot). While images of real world objects were presented, subjects were only instructed to mimic actions. In addition, since such 2D gaze saliency maps were constructed from a specific camera perspective, they cannot be easily generalized to other views of the same object. One of the objectives of this work was to construct gaze saliency maps in 3D that could enable gaze behavior analyses from a variety of perspectives. Such 3D gaze saliency maps could be mapped to 3D point clouds trivially obtained using low-cost RGB-D computer vision hardware, as is common in robotics applications. Furthermore, given that all manipulation tasks occur in three dimensions, 3D gaze saliency maps could enable additional insights into action-driven gaze behaviors. Although our experiments were conducted in an artificial lab setting using an uncluttered object scene, the experiment enabled subjects to perform actual physical manipulations of the object as opposed to only imagining or mimicking the manipulations, as in Belardinelli et al. (2015).

The primary objective of this study was to extract and rigorously evaluate a variety of 3D gaze behavior features that could be used for human action recognition to benefit human–robot collaborations. Despite the increasing use of deep learning techniques for end-to-end learning and autonomous feature selection, in this work, we have elected to consider the potential value of independent features that could be used to design action recognition algorithms in the future. In this way, we can consider the physical meaning, computational expense, and value added on a feature-by-feature basis. In Section “Materials and Methods,” we describe the experimental protocol, methods for segmenting actions, analyzing eye tracker data, and constructing 3D gaze vectors and gaze saliency maps. In Section “Results,” we report trends in eye movement characteristics and define the “gaze object sequence.” In Section “Discussion,” we discuss observed gaze behaviors and the potential and practicalities of using gaze saliency maps and gaze object sequences for action recognition. Finally, in Section “Conclusion,” we summarize our contributions and suggest future directions.

MATERIALS AND METHODS

Experimental Protocol

This study was carried out in accordance with the recommendations of the UCLA Institutional Review Board with written informed consent from all subjects. All subjects gave written informed consent in accordance with the Declaration of Helsinki. The protocol was approved by the UCLA Institutional Review Board. A total of 11 subjects (nine males, two females; aged 18–28 years) participated in the study, whose preliminary results were first reported in Haji Fathaliyan et al. (2017). According to a handedness assessment (Zhang, 2012) based on the Edinburgh Handedness Inventory (Oldfield, 1971), two subjects were “pure right handers,” seven subjects were “mixed right handers,” and two subjects were “neutral.”

Subjects were instructed to perform a bimanual tasks involving everyday objects and actions. In this work, we focus on one bimanual task that features numerous objects and subtasks: the preparation of a powdered drink. To investigate how the findings of this study may generalize to other iADL tasks, we plan to apply similar analyses to other bimanual tasks in the future. The objects for the drink preparation task were selected from the benchmark Yale-CMU-Berkeley (YCB) Object Set (Calli et al., 2015b): mug, spoon, pitcher, and pitcher lid. The actions associated with these objects were reach for, pick up, set down, move, stir, scoop, drop, insert, and pour.

Subjects were instructed to repeat the task four times with a 1 min break between each trial. The YCB objects were laid out and aligned on a table (adjusted to an ergonomic height for each subject) as shown in Figure 1. The experimental setup was reset prior to each new trial. Subjects were instructed to remove a pitcher lid, stir the contents of the pitcher, which contained water only (the powdered drink was imagined), and transfer the drink from the pitcher to the mug in two different ways. First, three spoonfuls of the drink were to be transferred from the pitcher to the mug using a spoon. Second, the pitcher lid was to be closed to enable to pouring of the drink from the pitcher to the mug until the mug was filled to two-third of its capacity. In order to standardize the instructions provided to subjects, the experimental procedure was demonstrated via a prerecorded video.
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FIGURE 1 | (A) Each subject was seated in the motion capture area. A blackout curtain was used to minimize visual distractions. (B) The subject wore a head-mounted eye tracker. Motion capture markers were attached to the Yale-CMU-Berkeley objects, the eye tracker, and subjects’ upper limbs. Each trial used the object layout shown. (C) Retroreflective markers were placed on a mug, spoon, pitcher, pitcher lid, and table. These objects will be referenced using the indicated color code throughout this manuscript. The subject shown in panels (A,B) has approved of the publication of these images.



Subjects wore an ETL-500 binocular, infrared, head-mounted eye tracker (ISCAN, Inc., Woburn, MA, USA) that tracked their visual point of regard, with respect to a head-mounted egocentric scene camera, at a 60 Hz sampling frequency. Calibration data suggest that the accuracy and precision of the eye tracker are approximately 1.43° and 0.11°, respectively. Six T-Series cameras sampled at 100 Hz and a Basler/Vue video camera (Vicon, Culver City, CA, USA) were used to track the motion of the subjects and YCB objects (Figure 1). Retroreflective markers were attached to the YCB objects, eye tracker, and subjects’ shoulders, upper arms, forearms, and hands (dorsal aspects). Visual distractions were minimized through the use of a blackout curtain that surrounded the subject’s field of view.

Action Segmentation: Task, Subtask, and Action Unit Hierarchy

Land et al. (1999) reported on gaze fixation during a tea-making task. In that work, a hierarchy of four activity levels was considered: “make the tea” (level 1), “prepare the cups” (level 2), “fill the kettle” (level 3), and “remove the lid” (level 4). Spriggs et al. (2009) reported on a brownie-making task and divided the task into 29 actions, such as “break one egg” and “pour oil in cup.” Adopting a similar approach as these prior works, we defined an action hierarchy using a task–subtask–action unit format (Table 1). Subtasks were defined similar to Land et al.’s “4th level activities” while the action units were defined according to hand and object kinematics. All subjects performed all six subtasks listed in Table 1, but not all subjects performed all action units. For example, a couple of subjects did not reach for the pitcher during Subtask 2 (“move spoon into pitcher”).

TABLE 1 | Six subtasks (bold) were defined for the task of making a powdered drink; action units were defined for each subtask according to hand and object kinematics.
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The start and end time of each action unit were identified according to hand and object kinematics and were verified by observing the egocentric video recorded from the eye tracker. For example, the angle of the spoon’s long axis with respect to the pitcher’s long axis and the repetitive pattern of the angle were used to identify the beginning and end of the action unit “stir inside pitcher” (Figure 2).
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FIGURE 2 | The repetitive nature of the spoon’s kinematics with respect to the pitcher was used to identify the start and end of the action unit “stir inside pitcher.” Although the spoon was not manipulated until approximately 6 s had elapsed in the representative trial shown, the full trial is provided for completeness.



Gaze Fixation and Saccade Labeling

Saccadic movements of the eye were discovered by Edwin Landott in 1890 while studying eye movements during reading (Kandel et al., 2000). According to Kandel et al., saccadic eye movements are characterized by “jerky movements followed by a short pause” or “rapid movements between fixation points.” In our study, saccades were detected using the angular velocity of the reconstructed gaze vector (see 3D Gaze Vector and Gaze Saliency Map Construction) and intervals between saccades that exceeded 200 ms were labeled as gaze fixations, as in Nyström and Holmqvist (2010). As described previously, the beginning and end of action units were defined based on hand and object kinematics. A heuristic approach, as outlined in Figure 3, was used to associate gaze fixation periods and saccades in the eye tracker data with action units. A given gaze fixation period was associated with a specific action unit if the gaze fixation period overlapped with the action unit period ranging from 0.3 to 0.7 T, where T was the duration of the specific action unit. A given saccade was associated with a specific action unit if the saccade occurred during the action unit period ranging from −0.2 to 0.8 T. Saccade to action unit associations were allowed prior to the start of the action unit (defined from hand and object kinematics) based on reports in the literature that saccades typically precede related motions of the hand (Land et al., 1999; Johansson et al., 2001). The results of the approach presented in Figure 3 were verified through careful comparison with egocentric scene camera videos recorded by the eye tracker.
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FIGURE 3 | (A) A given gaze fixation period was associated with a specific action unit if the gaze fixation period overlapped with the action unit period ranging from 0.3 to 0.7 T (blue shaded region), where T was the duration of the specific action unit. (B) A given saccade was associated with a specific action unit if the saccade occurred during the action unit period ranging from −0.2 to 0.8 T.



3D Gaze Vector and Gaze Saliency Map Construction

The eye tracker provided the 2D pixel coordinates of the gaze point with respect to the image plane of the egocentric scene camera. The MATLAB Camera Calibration Toolbox (Bouguet, 2015; The MathWorks, 2017) and a four-step calibration procedure were used to estimate the camera’s intrinsic and extrinsic parameters. These parameters enabled the calculation of the pose of the 2D image plane in the 3D global reference frame. The origin of the camera frame was located using motion capture markers attached to the eye tracker. The 3D gaze vector was reconstructed by connecting the origin of the camera frame with the gaze point’s perspective projection onto the image plane.

Using the reconstructed 3D gaze vector, we created 3D gaze saliency maps by assigning RGB colors to the point clouds obtained from 3D scans of the YCB objects. The point cloud for the mug was obtained from Calli et al. (2015a). The point clouds for the pitcher, pitcher lid, and spoon were scanned with a structured-light 3D scanner (Structure Sensor, Occipital, Inc., CA, USA) and custom turntable apparatus. This was necessary because the YCB point cloud database only provides point clouds for the pitcher lid assembly and because the proximal end of the spoon was modified for the application of motion capture markers (Figure 1C). Colors were assigned to points based on the duration of their intersection with the subject’s 3D gaze vector. In order to account for eye tracker uncertainty, colors were assigned to a 5 mm-radius spherical neighborhood of points, with points at the center of the sphere (intersected by the 3D gaze vector) being most intense. Color intensity for points within the sphere decreased linearly as the distance from the center of the sphere increased. Both gaze fixation and saccades were included during RGB color assignment. For each subtask, the RGB color intensity maps were summed across subjects and then normalized to the [0, 1] range, with 0 as black and 1 as red. The normalization was performed with all task-relevant objects considered simultaneously and not on an object-specific basis. This enabled the investigation of the relative visual importance of each object for each subtask.

RESULTS

Eye Movements: Gaze Fixation Duration and Saccade Size

Gaze fixation duration and saccade size have previously been identified as important features for gaze behaviors during iADLs. As in Morrison and Rayner (1981), we use “saccade size” to refer to the angle spanned by a single saccade. Land et al. (1999) reported overall trends and statistics for the entire duration of a tea-making task. However, information about dynamic changes in gaze behavior is difficult to extract and analyze when eye tracker data are convolved over a large period of time. In order to address eye movements at a finer level of detail, we investigated trends in gaze fixation duration and saccade size at the action unit level. Gaze fixation duration data were normalized by summing the durations of gaze fixation periods that belonged to the same action unit and then dividing by the total duration of that action unit. This normalization was performed to minimize the effect of action unit type, such as reaching vs. stirring, on gaze fixation duration results. Gaze fixation duration and saccade size were analyzed according to groupings based on six common action unit verbs: “reach,” “pick up,” “set down,” “move,” “pour,” and “stir” (Figure 4). “Drop” and “insert” were excluded, as they occurred infrequently and their inclusion would have further reduced the power of the statistical tests.
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FIGURE 4 | Box and whisker plots are shown for each of the six action unit verb groups for (A) normalized gaze fixation duration and (B) saccade size. The tapered neck of each box marks the median while the top and bottom edges mark the first and third quantiles. The whiskers extend to the most extreme data points that are not considered outliers (black dots). For normalized gaze fixation duration, both “pour” and “stir” were statistically significantly different from the other action unit verb groups, as indicated by underlines. For saccade size, both “move” and “stir” were statistically significantly different from the other action unit verb groups.



We conducted two ANOVA tests with a significance level of α = 0.05. One test compared the distributions of gaze fixation duration across the six action unit verb groups while the other test compared the distributions of saccade size. In both cases, the ANOVA resulted in p < 0.001. Thus, post hoc pairwise t-tests were conducted to identify which verb groups were significantly different (Table 2). A Bonferroni correction was additionally applied (α = 0.05/k, where k = 15, the total number of pairwise comparisons) to avoid type I errors when performing the post hoc pairwise comparisons. It was found that the average gaze fixation durations for “pour” and “stir” were significantly greater than those of other verbs (Figure 4A). Saccade sizes for “move” and “stir” were significantly different from those of other verbs (Figure 4B). Saccade sizes for “move” were significantly larger than those of other verbs while those for “stir” were significantly smaller (Figure 5).

TABLE 2 | The lower left triangle of the table (shaded in gray) summarizes p-values for t-tests of average normalized gaze fixation duration for different pairs of action unit verbs while the upper right triangle represents p-values for t-tests with regards to saccade size.
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FIGURE 5 | Three-dimensional gaze saliency maps of the task-related objects (mug, spoon, pitcher, and pitcher lid) are shown for each of the six subtasks (A–F). The RGB color maps were summed across subjects and then normalized to the [0, 1] range for each subtask. The RGB color scale for all gaze saliency maps is shown in panel (A). Gaze object percentages are reported via pie charts. The colors in the pie charts correspond to the color-coded objects in Figure 1C.



3D Gaze Saliency Maps and Gaze Object Percentages

The 3D gaze saliency map for each object is shown for each of the six subtasks in Figure 5. We use “gaze object” to refer to the object that is intersected by the reconstructed 3D gaze vector. This 3D approach is analogous to the use of 2D egocentric camera videos to identify the gaze object defined as the “object being fixated by eyes” or the “visually attended object” (Yi and Ballard, 2009). In the case that multiple objects were intersected by the same gaze vector, we selected the closest object to the subject as the gaze object. We defined the gaze object percentage as the amount of time, expressed as a percent of a subtask, that an object was intersected by a gaze vector. Gaze object percentages, averaged across all 11 subjects, are presented for each of the six subtasks in pie chart form (Figure 5). Although the table in the experiment setup was never manipulated, during some subtasks, the gaze object percentage for the table exceeded 20% for subtasks that included action units related to “set down.”

Recognition of Subtasks Based on Gaze Object Sequences

The Gaze Object Sequence

In order to leverage information about the identity of gaze objects in concert with the sequence in which gaze objects were visually regarded, we quantified the gaze object sequence for use in the automated recognition of subtasks. The concept of a gaze object sequence has been implemented previously for human action recognition, but in a different way. Yi and Ballard (2009) performed action recognition with a dynamic Bayesian network having four hidden nodes and four observation nodes. One of the hidden nodes was the true gaze object and one of the observation nodes was the estimated gaze object extracted from 2D egocentric camera videos. In this work, we define the gaze object sequence as being comprised of an (M × N) matrix, where M is the number of objects involved in the manipulation task and N is the total number of instances (frames sampled at 60 Hz) that at least one of the M objects was visually regarded, whether through gaze fixation or saccade (Figure 6C). Each of the M = 5 rows corresponds to a specific object. Each of the N columns indicates the number of times each object was visually regarded within a sliding window consisting of 10 frames (Figures 6A,B).
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FIGURE 6 | (A) Each raw gaze object sequence was represented by a (1 × N) set of frames. In this example, the gaze object transitioned from the pitcher lid to the pitcher. The colors in the figure correspond to the color-coded objects in Figure 1C. (B) The raw sequence of gaze objects was filtered using a rolling window of 10 frames. (C) The gaze object sequence was represented by an (M × N) matrix for M task-relevant objects.



A sliding window was used to filter the raw gaze object sequence to alleviate abrupt changes of values in the matrix. The size of the sliding window was heuristically selected to be large enough to smooth abrupt changes in the object sequence that could be considered as noise, but also small enough so as not to disregard major events within its duration. In preliminary analyses, this sliding window filtration step was observed to improve recognition accuracy.

Creating a Library of Characteristic Gaze Object Sequences

Intra- and inter-subject variability necessitate analyses of human subject data that account for variations in movement speed and style. In particular, for pairs of gaze object sequences having different lengths, the data must be optimally time-shifted and stretched prior to comparative analyses. For this task, we used dynamic time warping (DTW), a technique that has been widely used for pattern recognition of human motion, such as gait recognition (Boulgouris et al., 2004) and gesture recognition (Gavrila and Davis, 1995).

Dynamic time warping compares two time-dependent sequences X and Y, where [image: image1] and [image: image1]. A warping path [image: image1] defines an alignment between pairs of elements in X and Y by matching element(s) of X to element(s) of Y. For example, pij = (u, v) represents the matched pair of xu and yv. If the warping path is optimized to yield the lowest sum of Euclidean distances between the two sequences, the DTW distance between the two sequences X and Y can be defined as the following:

[image: image1]

where [image: image1] and [image: image1].

In order to identify a characteristic gaze object sequence for each subtask, we employed a global averaging method called dynamic time warping barycenter averaging (DBA), which performs the DTW and averaging processes simultaneously. This method uses optimization to iteratively refine a DBA (average) sequence until it yields the smallest DTW Euclidean distance (see Recognition of Subtasks Using DTW Euclidean Distances) with respect to each of the input sequences being averaged (Petitjean et al., 2011). The gaze object sequences were averaged across all trials for all subjects for each subtask using an open source MATLAB function provided by the creators of the DBA process (Petitjean, 2016). A total of 43 trials (4 repetitions per each of 11 subjects, less 1 incomplete trial) were available for each subtask. Figure 7 shows visual representations of the DBA gaze object sequence for each of the six subtasks.
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FIGURE 7 | Characteristic gaze object sequences were produced using dynamic time warping barycenter averaging over data from 11 subjects for each of six subtasks (A–F). The colors in the figure correspond to the color-coded objects in Figure 1C. The lengths of the sequences were normalized for visualization.



Recognition of Subtasks Using DTW Euclidean Distances

Traditionally, the Euclidean distance is used as a metric for similarity between two vectors. However, the Euclidean distance alone is not an accurate measure of similarity for time series data (Petitjean et al., 2011). Here, we use the “DTW Euclidean distance,” which is calculated as the sum of the Euclidean distances between corresponding points of two sequences. The DTW process minimizes the sum of the Euclidean distances, which enables a fair comparison of two sequences. The smaller the DTW Euclidean distance, the greater the similarity between the two sequences. A simple way to associate a novel gaze object sequence with a specific subtask is to first calculate the DTW Euclidean distance between the novel sequence and a characteristic sequence (generated using the DBA process) for each of the six candidate subtasks and to then select the subtask label that results in the smallest DTW Euclidean distance.

Figure 8 shows a novel gaze object sequence and its DTW Euclidean distance with respect to each of the candidate DBA sequences (one for each of six subtasks). The DTW Euclidean distance is reported as a function of the (equal) elapsed times for the novel and DBA gaze object sequences. This enables us to relate recognition accuracy to the percent of a subtask that has elapsed and to comment on the feasibility of real-time action recognition. For instance, for Subtask 4 (“transfer water from pitcher to mug using spoon”), the DTW Euclidean distance between the novel gaze object sequence and the correct candidate DBA sequence does not clearly separate itself from the other five DTW distances until 30% of the novel gaze object sequence has elapsed for the specific case shown (Figure 8). Subtask recognition accuracy generally increases as the elapsed sequence time increases. Figure 8 illustrates how a primitive action recognition approach could be used to label a subtask based on a gaze object sequence alone. However, only one representative novel gaze object sequence was shown as an example.


[image: image1]

FIGURE 8 | (A) A representative novel gaze object sequence is shown. The colors in the figure correspond to the color-coded objects in Figure 1C. (B) A DBA gaze object sequence is shown for Subtask 4, which is the correct subtask label for the novel gaze object sequence shown in panel (A). (C) The DTW Euclidean distance is shown for the comparisons of a novel gaze object sequence and the DBA sequence for each of the six subtasks. The DTW distance was calculated using equal elapsed times for the novel and DBA sequences. The lowest DTW distance would be used to apply a subtask label. Subtask recognition accuracy generally increases as the elapsed sequence time increases.



In order to address the accuracy of the approach as applied to all 43 gaze object sequences, we used a leave-one-out approach. First, one gaze object sequence was treated as an unlabeled, novel sequence. Dynamic time warping barycenter averaging was applied to the remaining sequences. The DTW Euclidean distance was calculated between the novel and candidate DBA sequences, and the pair with the smallest DTW distance was used to label the novel sequence. This process was repeated for each of the gaze object sequences. The DTW distance was calculated using equal elapsed times for the novel and DBA sequences.

The resulting recognition accuracy, precision, and recall for each subtask are reported in Figure 9 as a function of the percent of the subtask that has elapsed. Accuracy represents the fraction of sequences that are correctly labeled. Precision represents the fraction of identified sequences that are relevant to Subtask i. Recall represents the fraction of relevant sequences that are identified (Manning et al., 2008)
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FIGURE 9 | Using a leave-one-out approach, the performance of the action recognition algorithm is reported as a function of the elapsed time of a novel gaze object sequence for each subtask. Accuracy (black solid line), precision (red dashed line), and recall (blue dotted line) are shown for each of the six subtasks (A–F). The characteristic gaze object sequence is shown above each subplot. The colors in the sequence correspond to the objects shown in Figure 1C.



TPi, TNi, FPi, and FNi represent the number of true positive, true negative, false positive, and false negative sequences when attempting to identify all sequences associated with Subtask i. For example, consider the task of identifying the 43 sequences relevant to Subtask 1 out of the total of (43*6) unlabeled sequences. Using all sequence data, at 100% elapsed time of a novel gaze object sequence, the classifier correctly labeled 36 of the 43 relevant sequences as Subtask 1, but also labeled 10 of the (43*5) irrelevant sequences as Subtask 1. In this case, TP1 = 36, TN1 = 205, FP1 = 10, and FN1 = 7. Using Eqs 2–4, this results in an accuracy of 93.4%, precision of 78.2%, and recall of 83.7% for Subtask 1, as shown in Figure 9A.

Figure 10 shows a confusion matrix that summarizes the subtask labeling performance of our simple action recognition algorithm at 100% of the elapsed time for the novel and DBA gaze object sequences. Predictions of subtask labels (columns) are compared to the true subtask labels (rows). Consider again the task of identifying the 43 sequences relevant to Subtask 1. TP1 is shown as the first diagonal element in the confusion matrix (row 1, column 1). FP1 and FN1 are the sum of off-diagonal elements in the first column and first row, respectively.
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FIGURE 10 | The confusion matrix is shown for 100% of the elapsed time of a novel gaze object sequence for each subtask. Predicted subtask labels (columns) are compared to the true subtask labels (rows). Each subtask has a total of 43 relevant sequences and (43*5) irrelevant sequences. Each shaded box lists the number of label instances and parenthetically lists the percentage of those instances out of 43 relevant subtasks.



DISCUSSION

Gaze Fixation Duration and Saccade Size May Reflect Differences in Visual Attention

Eye movements were investigated at the action unit level through gaze fixation duration and saccade size. For gaze fixation duration, both “pour” and “stir” were statistically significantly different from the other action unit verb groups (Figure 4A). The median normalized gaze fixation duration values for “pour” and “stir” were, respectively, 41 and 33% greater than the largest median duration value of the “reach,” “pick up,” “set down,” and “move” verb groups (36% for “move”). The lengthier gaze fixation durations could be due to the fact that pouring and stirring simply took longer than the other movements. The trends could also indicate that more visual attention is required for successful performance of pouring and stirring. For instance, pouring without spilling and stirring without splashing might require greater manipulation accuracy than reaching, picking up, setting down, or moving an object. However, based on the data collected, it is unknown whether subjects were actively processing visual information during these fixation periods. Gaze fixation durations could also be affected by object properties, such as size, geometry, color, novelty, etc. For instance, fixation durations might be longer for objects that are fragile, expensive, or sharp as compared to those for objects that are durable, cheap, or blunt. The effects of object properties on gaze fixation duration and saccade size require further investigation.

For saccade size, both “move” and “stir” were statistically significantly different from the other action unit verb groups (Figure 4B). The relatively large saccade size for “move” was likely a function of the distance by which the manipulated objects were moved during the experimental task. The relatively small saccade size for “stir” (4.7° ± 2.7°) could be due to the small region associated with the act of stirring within a pitcher and the fact that subjects did not follow the cyclic movements of the spoon with their gaze during stirring.

The concept of “quiet eye,” originally introduced in the literature with regards to the cognitive behaviors of elite athletes, has been used to differentiate between expert and novice surgeons (Harvey et al., 2014). Quiet eye has been defined as “the final fixation or tracking gaze that is located on a specific location or object in the visuomotor workspace within 3° of the visual angle for ≥100 ms” (Vickers, 2007). It has been hypothesized that quiet eye is a reflection of a “slowing down” in cognitive planning (not body movement speed) that occurs when additional attention is paid to a challenging task (Moulton et al., 2010). Based on the gaze fixation duration trends (Figure 4A), one might hypothesize that pouring and stirring require additional attention. Yet, “stir” was the only verb group that exhibited a small saccade size in the range reported for quiet eye. We are not suggesting that stirring is a special skill that can only be performed by experts; we would not expect a wide range of skill sets to be exhibited in our subject pool for iADL. Nonetheless, it could be reasoned that certain action units may require more visual attention than others and that gaze fixation and saccade size could assist in recognition of such action units employed during everyday tasks.

Gaze Saliency Maps Encode Action-Relevant Information at the Subtask and Action Unit Levels

Gaze saliency maps at the subtask level can be used to represent gaze fixation distribution across multiple objects. The gaze saliency maps for the six subtasks (Figure 5) supported Hayhoe and Ballard’s finding that gaze fixation during task completion is rarely directed outside of the objects required for the task (Hayhoe and Ballard, 2005). Considering Subtask 4, (“transfer water from pitcher to mug using spoon”), the objects comprising the majority of the gaze object percentage pie chart (Figure 5D) were grasped and manipulated (spoon) or were directly affected by an action being performed by a manipulated object (pitcher and mug). While the table was not manipulated, it was often affected by action units that required the picking up or setting down of an object, as for the pitcher lid, spoon, and pitcher in Subtasks 1, 2, and 6 (Figures 5A,B,F), respectively. The gaze fixation percentage for the table was dwarfed by the importance of other objects in Subtasks 4 and 5 (Figures 5D,E).

In some cases, a gaze saliency map could be easily associated with a subtask. For instance, gaze saliency was uniquely, simultaneously intense on the spoon bowl and tip, inner wall of the mug, and inner wall of the pitcher for Subtask 4 (“transfer water from pitcher to mug using spoon”) (Figure 5D). In other cases, differences between gaze saliency maps were subtle. For example, the gaze saliency maps were quite similar for the inverse subtasks “remove pitcher lid” and “replace pitcher lid” (Figures 5A,E). In both cases, gaze saliency was focused near the handle of the pitcher lid and the upper rim of the pitcher. However, gaze fixation was slightly more intense near the pitcher spout for Subtask 5 (“replace pitcher lid”) because subjects spent time to carefully align the slots in the pitcher lid with the spout for the “pour liquid into mug” Subtask 6 that was to immediately follow.

Likewise, the gaze saliency maps for Subtask 2 (“move spoon into pitcher”) and Subtask 3 (“stir inside pitcher”) were distinguished only by the subtle difference in gaze fixation distribution on the spoon (Figures 5B,C). The diffuse and homogeneous distribution across the entirety of the spoon for Subtask 2 was contrasted by a focused intensity on the bowl of the spoon for stirring. This was because the “reach for,” “pick up,” and “move” action units performed with the spoon were summed over time to produce the gaze saliency map at the subtask level. Given that the details of each action unit’s unique contribution to the saliency map becomes blurred by temporal summation, it is worth considering gaze saliency maps at a finer temporal resolution, at the action unit level. Due to the short duration of action units (approximately 1 s long), the gaze saliency maps at the action unit level only involve one object at a time. A few representative gaze saliency maps for different action units are shown in Figure 11. The RGB color intensity maps were summed across subjects and then normalized to the [0, 1] range, with 0 as black and 1 as red, according to the duration of the action unit.


[image: image1]

FIGURE 11 | Three-dimensional gaze saliency maps of the task-related objects [mug (A), spoon (B), pitcher (C), and pitcher lid (D)] are shown for a subset of action units. The RGB color scale for all gaze saliency maps is shown in panel (A).



Some gaze saliency maps could also be easily associated with specific action units. For instance, gaze saliency intensity was greatest at the top of the pitcher for the action unit “reach for pitcher,” but greatest at the bottom for “set down pitcher” (Figure 11C). By contrast, the gaze saliency maps for the pitcher lid were similar for action units “pick up pitcher lid” and “insert pitcher lid into pitcher.” Subtle differences were observed, such as more focused gaze intensity near the slots in the lid, in preparation for the “pour liquid into mug” Subtask 6 that was to immediately follow. Gaze saliency maps for different action units were also similar for the mug (Figure 11A), possibly due to its aspect ratio. Not only is the mug a relatively small object but also its aspect ratio from the subject’s viewpoint is nearly one. During both “reach for mug” and “set down mug,” gaze fixation was spread around the mug’s centroid. This was surprising, as we had expected increased intensity near the mug’s handle or base for the “reach” and “set down” action units, respectively, based on the findings of Belardinelli et al. (2015). There are a couple of possible explanations for this. First, the Belardinelli et al. study was conducted with a 2D computer display and subjects were instructed to mimic manipulative actions. In this work, subjects physically interacted with and manipulated 3D objects. It is also possible that subjects grasped the mug with varying levels of precision based on task requirements (or lack thereof). For instance, a mug can be held by grasping its handle or its cylindrical body. Had the task involved a hot liquid, for example, perhaps subjects would have grasped and fixated their gaze on the handle of the mug for a longer period.

Although 3D gaze saliency maps are not necessarily unique for all subtasks and action units, it is likely that a combination of the gaze saliency maps for a subtask and its constituent action units could provide additional temporal information that would enable recognition of a subtask. While beyond the scope of this work, we propose that a sequence of gaze saliency maps over time could be used for action recognition. The time series approaches presented for the analysis of gaze object sequences could similarly be applied to gaze saliency map sequences.

Practical Considerations and Limitations of Gaze Saliency Maps

If the dynamic tracking of 3D gaze saliency maps is to be practically implemented, one must address the high computational expense associated with tracking, accessing, and analyzing dense 3D point clouds. In this work, the 3D point clouds for the spoon and pitcher were comprised of approximately 3,000 and 20,000 points, respectively. At least two practical modifications could be made to the gaze saliency map representation. First, parametric geometric shapes could be substituted for highly detailed point clouds of rigid objects, especially if fine spatial resolution is not critical for action recognition. The use of a geometric shapes could also enable one to analytically solve for the intersection point(s) between the object and gaze vector. Second, gaze fixation can be tracked for a select subset of regions or segments, such as those associated with “object affordances,” which describe actions that can be taken with an object (Gibson, 1977), or “grasp affordances,” which are defined as “object-gripper relative configurations that lead to successful grasps” (Detry et al., 2009). Computational effort could then be focused on regions that are most likely to be task-relevant, such as the spout, rim, handle, and base of a pitcher. Additionally, techniques can be leveraged from computer-based 3D geometric modeling. For example, triangle meshes and implicit surfaces have been used for real-time rendering of animated characters (Leclercq et al., 2001). A similar approach could be used to simplify the 3D point clouds. In addition to tracking the shape and movement of an object, one could track the homogeneous properties (e.g., RGB color associated with gaze fixation duration) of patch elements of surfaces. The spatial resolution of each gaze saliency map could be tuned according to the task-relevant features of the object and reduced to the minimal needs for reliable action recognition.

One limitation of this work is that we cannot comment on the subject’s true focal point or whether subjects were actively processing visual information. A gaze vector may pass through multiple objects, or even through materials that are not rigid objects (e.g., a stream of flowing water). We calculated the intersection points between a gaze vector and objects in its path and then treated the closest intersection point to the user as a gaze fixation point. This approach may not work if some of the task-relevant objects are transparent and subjects look through one object to visually attend to a more distant object. In this work, objects sometimes passed through the path of a stationary gaze vector, but may not have been the focus of active visual attention. For example, the gaze saliency map for Subtask 3 (“stir inside pitcher”) displayed regions of greater intensity on both the bowl of the spoon and the inner wall of the pitcher (Figure 5C). However, the egocentric camera attached to the eye tracker revealed that the gaze fixation point remained near the water level line in the pitcher. Since the spoon was moved cyclically near the inner wall of the pitcher, in the same region as the surface of the water, the gaze fixation point alternated between the spoon and the pitcher. As a result, both the spoon and pitcher gaze saliency maps were affected. In one case, a subject’s gaze fixation point was calculated as being located on the outer wall of the pitcher during stirring. This interesting case highlights the fact that a direct line of sight (e.g., to the spoon, water, or inner pitcher surface) may not be necessary for subtask completion, and mental imagery (“seeing with the mind’s eye”) may be sufficient (Pearson and Kosslyn, 2013).

Future work should address methods for enhancing the robustness of action recognition algorithms to occlusions. For example, if a gaze object is briefly occluded by a moving object that passes through the subject’s otherwise fixed field of view, an algorithm could be designed to automatically disregard the object as noise to be filtered out. In addition, a more advanced eye tracker and/or calibration process could be leveraged to estimate focal length. Focal length could be combined with 3D gaze vector direction to increase the accuracy of gaze object identification in cases, where the 3D gaze vector intersects multiple objects.

Human gaze behavior “in the wild” will differ to some (as yet unknown) extent as compared to the gaze behavior observed in our laboratory setting. Our use of black curtains and the provision of only task-relevant objects enabled the standardization of the experimental setup across subjects. However, this protocol also unrealistically minimized visual clutter, the presence of novel objects, and distractions to the subject. In a more natural setting, one’s gaze vector could intersect with task-irrelevant objects in the scene. This would result in the injection of noise into the gaze object sequence, for example, and could decrease the speed and/or accuracy of action recognition. Probabilistic modeling of the noise could alleviate this challenge.

The Gaze Object Sequence Can Be Leveraged for Action Recognition to Advance Human–Robot Collaborations

During everyday activities, eye movements are primarily associated with task-relevant objects (Land and Hayhoe, 2001). Thus, identification of gaze objects can help to establish a context for specific actions. Fathi et al. (2012) showed that knowledge of gaze location significantly improves action recognition. However, action recognition accuracy was limited by errors in the extraction of gaze objects from egocentric camera video data (e.g., failing to detect objects or detecting irrelevant objects in the background), and gaze objects were not treated explicitly as features for action recognition. Moreover, model development for gaze-based action recognition is challenging due to the stochastic nature of gaze behavior (Admoni and Srinivasa, 2016). Using objects tagged with fiducial markers and gaze data from 2D egocentric cameras, Admoni and Srinivasa presented a probabilistic model for the detection of a goal object based on object distance from the center of gaze fixation. In this work, we propose to leverage 3D gaze tracking information about the identity of gaze objects in concert with the temporal sequence in which gaze objects were visually regarded to improve the speed and accuracy of automated action recognition.

In the context of human-robot collaboration, the gaze object sequence could be used as an intuitive, non-verbal control signal by a human operator. Alternatively, the gaze object sequence could be provided passively to a robot assistant that continuously monitors the state of the human operator and intervenes when the human requires assistance. A robot that could infer human intent could enable more seamless physical interactions and collaborations with human operators. For example, a robot assistant in a space shuttle could hand an astronaut a tool during a repair mission, just as a surgical assistant might provide support during a complicated operation. Maeda et al. (2014) introduced a probabilistic framework for collaboration between a semi-autonomous robot and human co-worker. For a box assembly task, the robot decided whether to hold a box or to hand over a screwdriver based on the movements of the human worker. As there were multiple objects involved in the task, the integration of the gaze object sequence into the probabilistic model could potentially improve action recognition accuracy and speed.

The practical demonstration of the usefulness of gaze object sequence is most likely to occur first in a relatively structured environment, such as that of a factory setting. Despite the unpredictability of human behavior, there are consistencies on a manufacturing line that suggest the feasibility of the gaze object sequence approach. The number of parts and tools used during manual manufacturing operations are uniform in their size and shape and are also limited in number. Although the speed with which a task is completed may vary, the task itself is repetitive. Luo et al. (2017) have demonstrated human–robot collaboration for industrial manipulation tasks for which human reaching motions were predicted to enable robot collaboration without collision in a small-shared workspace. In that work, the robot had access to real-time information about the human collaborator’s upper limb kinematics, such as palm and arm joint center positions. Focusing on the safety of human–robot collaboration, Morato et al. (2014) developed a framework that uses a collision avoidance strategy to assist human workers performing an assembly task in close proximity with a robot arm. Numerous RGB-D cameras were used to track the location and configuration of humans within the collaborative workspace. The common theme of such approaches is to track human kinematics and infer intent from kinematic data alone. The additional use of the gaze object sequence could infer human intent at an earlier stage and further advance safety and efficiency for similar types of human–robot collaboration tasks.

The gaze object sequence could also be demonstrated in the familiar environment of someone’s home if a recognition system were properly trained on commonly used objects, where the objects are typically located (e.g., kitchen vs. bathroom), and how they are used. The performance of household robots will largely depend on their ability to recognize and localize objects, especially in complex scenes (Srinivasa et al., 2012). Recognition robustness and latency will be hampered by large quantities of objects, the degree of clutter, and the inclusion of novel objects in the scene. The gaze object sequence could be used to address challenges posed by the presence of numerous objects in the scene. While the combinatorial set of objects and actions could be large, characteristic gaze object sequences for frequently used subject-specific iADLs could be utilized to quickly prune the combinatorial set.

Up to now, we have focused primarily on the task-based aspects of gaze tracking for human–robot collaboration. However, gaze tracking could also provide much needed insight into intangible aspects such as human trust in robot collaborators (Jenkins and Jiang, 2010). Our proposed methods could be used to quantify differences in human gaze behavior with and without robot intervention and could enhance studies on the effects of user familiarity with the robot, human vs. non-human movements, perceived risk of robot failure, etc. Consider, for example, a robot arm that is being used to feed oneself (Argall, 2015). Such a complicated task requires the safe control of a robot near sensitive areas such as the face and mouth and may also be associated with a sense of urgency on the part of the user. A gaze object sequence could reveal high-frequency transitions between task-relevant objects and the robot arm itself, which could indicate a user’s impatience with the robot’s movements or possibly a lack of trust in the robot and concerns about safety. As the human–robot collaboration becomes more seamless and safe, the frequency with which the user visually checks the robot arm may decrease. Thus, action recognition algorithms may need to be tuned to inter-subject variability and adapted to intra-subject variability as the beliefs and capabilities of the human operator change over time.

Other potential applications of the gaze object sequence include training and skill assessment. For instance, Westerfield et al. (2015) developed a framework that combines Augmented Reality with an Intelligent Tutoring System to train novices on computer motherboard assembly. Via a head-mounted display, trainees were provided real-time feedback on their performance based on the relative position and orientation of tools and parts during the assembly process. Such a system could be further enhanced by, for example, using an expert’s gaze object sequence to cue trainees via augmented reality and draw attention to critical steps in the assembly process or critical regions of interest during an inspection process. Gaze object sequences could also be used to establish a continuum of expertise with which skill level can be quantified and certified. Harvey et al. (2014) described the concepts of “quiet eye” and “slowing down” observed with surgeons performing thyroid lobectomy surgeries. Interestingly, expert surgeons fixated their gaze on the patient’s delicate laryngeal nerve for longer periods than novices when performing “effortful” surgical tasks that required increased attention and cognition. Gaze behavior has also been linked with sight reading expertise in pianists (Truitt et al., 1997). Gaze fixation duration on single-line melodies was shorter for more skilled sight-readers than less skilled sight-readers.

In short, the gaze object sequence generated from 3D gaze tracking data has been demonstrated as a potentially powerful feature for action recognition. By itself, the gaze object sequence captures high-level spatial and temporal gaze behavior information. Moreover, additional features can be generated from the gaze object sequence. For instance, gaze object percentage can be extracted by counting instances of objects in the gaze object sequence. Gaze fixation duration and saccades from one object to another can be extracted from the gaze object sequence. Even saccades to different regions of the same object could potentially be identified if the resolution of the gaze object sequence were made finer through the use of segmented regions of interest for each object (e.g., spout, handle, top, and base of a pitcher).

Practical Considerations and Limitations of Gaze Object Sequences

In this work, we have presented a simple proof-of-concept methods for action recognition using a DTW Euclidean distance metric drawn from comparisons between novel and characteristic gaze object sequences. In the current instantiation, novel and characteristic sequences were compared using the same elapsed time (percentage of the entire sequence) (Figure 8). This approach was convenient for a post hoc study of recognition accuracy as a function of time elapsed. However, in practice, the novel gaze object sequence will roll out in real-time and we will not know a priori what percent of the subtask has elapsed. To address this, we propose the use of parallel threads that calculate the DTW Euclidean distance metric for comparisons of the novel sequence with different portions of each characteristic sequence. For instance, one thread runs a comparison with the first 10% of one characteristic gaze object sequence; another thread runs a comparison for the first 20% of the same characteristic gaze object sequence, etc. Such an approach would also address scenarios in which an individual happens to be performing a subtask faster than the population, whose collective behavior is reflected in each characteristic gaze object sequence. For example, it can be seen that the novel gaze object sequence in Figure 8A has a similar pattern as the characteristic gaze object sequence in Figure 8B. However, the individual subject is initially performing the subtask at a faster rate than the population average. The (yellow, blue, black, red, etc.) pattern occurs within the first 10% of the novel sequence, but does not occur until 30% of the characteristic sequence has elapsed. The delayed recognition of the subtask could be addressed using the multi-thread approach described above Figure 8. To further address the computational expense commonly associated with DTW algorithms, one could implement an “unbounded” version of DTW that improves the method for finding matching sequences, which occur arbitrarily within other sequences (Anguera et al., 2010).

For human-robot collaborations, the earlier that a robot can recognize the intent of the human, the more time the robot will have to plan and correct its actions for safety and efficacy. Thus, practical limitations associated with the computational expense of real-time gaze object sequence recognition must be addressed. At the least, comparisons of a novel sequence unfolding in real-time could be made with a library of characteristic subtask sequences using GPUs and parallel computational threads (one thread for each distinct comparison). The early recognition of a novel subtask is not just advantageous for robot planning and control. The computational expense of DTW increases for longer sequences. Thus, the sooner a novel sequence can be recognized, the less time is spent on calculating the proposed DTW Euclidean metric. Since DTW uses dynamic programming to find the best warping paths, a quadratic computational complexity results. While not implemented in this work, the computational expense of the DTW process could be further reduced by leveraging a generalized time warping technique that temporally aligns multimodal sequences of human motion data while maintaining linear complexity (Zhou and De la Torre, 2012).

Potential Advancements for a Gaze Object Sequence-Based Action Recognition System

As expected, recognition accuracy increased as more of the novel gaze object sequence was compared with each characteristic gaze object sequence (Figure 9). However, the simple recognition approach presented here is not perfect. Even when an entire novel gaze object sequence is compared with each characteristic gaze object sequence, the approach only achieves an accuracy of 96.4%, precision of 89.5%, and recall of 89.2% averaged across the six subtasks. The confusion matrix (Figure 10) shows which subtasks were confused with one another even after 100% elapsed time. Although the percentage of incorrect subtask label predictions is low, the subtasks that share the same gaze objects have been confused the most. For instance, the Subtask 1 (“remove pitcher lid”) and Subtask 5 (“replace pitcher lid”) were occasionally confused with one another. It is hypothesized that the training of a sophisticated machine learning classifier could improve the overall accuracy of the recognition results, especially if additional features were provided to the classifier. Potential additional features include quantities extracted from upper limb kinematics and other eye tracker data, such as 3D gaze saliency maps.

As with the processing of any sensor data, there are trade-offs with speed and accuracy in both the spatial and temporal domains. In its current instantiation, the gaze object sequence contains rich temporal information, but at the loss of spatial resolution; entire objects are considered rather than particular regions of objects. By contrast, the 3D gaze saliency map and gaze object percentage contain rich spatial information, but at the loss of temporal resolution due to the convolution of eye tracker data over a lengthy period of time. For practical purposes, we are not suggesting that spatial and temporal resolution should be maximized. In practice, an action recognition system need not be computationally burdened with the processing of individual points in a 3D point cloud or unnecessarily high sampling frequencies. However, one could increase spatial resolution by segmenting objects into affordance-based regions (Montesano and Lopes, 2009), or increase temporal resolution by considering the temporal dynamics of action units rather than subtasks.

While object recognition from 2D egocentric cameras is an important problem, solving this problem was not the focus of the present study. As such, we bypassed challenges of 2D image analysis such as scene segmentation and object recognition, and used a marker-based motion capture system to track each known object in 3D. Data collection was performed in a laboratory setting with expensive eye tracker and motion capture equipment. Nonetheless, the core concepts presented in this work could be applied in non-laboratory settings using low-cost equipment such as consumer-grade eye trackers, Kinect RGB-D cameras, and fiducial markers (e.g., AprilTags and RFID tags).

CONCLUSION

The long-term objective of the work is to advance human-robot collaboration by (i) facilitating the intuitive, gaze-based control of robots and (ii) enabling robots to recognize human actions, infer human intent, and plan actions that support human goals. To this end, the objective of this study was to identify useful features that can be extracted from 3D gaze behavior and used as inputs to machine learning algorithms for human action recognition. We investigated human gaze behavior and gaze-object interactions in 3D during the performance of a bimanual, iADL: the preparation of a powdered drink. Gaze fixation duration was statistically significantly larger for some action verbs, suggesting that some actions such as pouring and stirring may require increased visual attention for task completion. 3D gaze saliency maps, generated with high spatial resolution for six subtasks, appeared to encode action-relevant information at the subtask and action unit levels. Dynamic time warping barycentric averaging was used to create a population-based set of characteristic gaze object sequences that accounted for intra- and inter-subject variability. The gaze object sequence was then used to demonstrate the feasibility of a simple action recognition algorithm that utilized a DTW Euclidean distance metric. Action recognition results (96.4% accuracy, 89.5% precision, and 89.2% recall averaged over the six subtasks), suggest that the gaze object sequence is a promising feature for action recognition whose impact could be enhanced through the use of sophisticated machine learning classifiers and algorithmic improvements for real-time implementation. Future work includes the development of a comprehensive action recognition algorithm that simultaneously leverages features from 3D gaze–object interactions, upper limb kinematics, and hand–object spatial relationships. Robots capable of robust, real-time recognition of human actions during manipulation tasks could be used to improve quality of life in the home as well as quality of work in industrial environments.

ETHICS STATEMENT

This study was carried out in accordance with the recommendations of the UCLA Institutional Review Board with written informed consent from all subjects. All subjects gave written informed consent in accordance with the Declaration of Helsinki. The protocol was approved by the UCLA Institutional Review Board.

AUTHOR CONTRIBUTIONS

All authors contributed to the conception and design of the study. AF and XW supervised data collection, performed the data analysis, and created the first draft of the figures. All authors wrote sections of the manuscript and contributed to its revision. All authors have read and approved the submitted manuscript.

ACKNOWLEDGMENTS

The authors thank Allison Walters and Manuel Cisneros for contributions to the initial experimental protocol and equipment setup. The authors thank Sahm Bazargan, Kevin Hsu, John-Pierre Sawma, and Sarah Anaya for assistance with data collection and analysis. Finally, the authors thank Eunsuk Chong, Cheng-Ju Wu, and Eric Peltola for discussions on early drafts of this manuscript.

FUNDING

This work was supported in part by National Science Foundation Awards 1461547 and 1463960, and Office of Naval Research Award N00014-16-1-2468. Any opinions, findings, conclusions, or recommendations are those of the authors and do not necessarily represent the official views, opinions, or policies of the funding agencies.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at https://www.frontiersin.org/articles/10.3389/frobt.2018.00025/full#supplementary-material.

VIDEO S1 | The Supplemental Video shows the experimental setup and reconstruction of 3D gaze saliency maps for the task of preparing a powdered drink.

REFERENCES

Admoni, H., and Srinivasa, S. (2016). “Predicting user intent through eye gaze for shared autonomy,” in Proceedings of the AAAI Fall Symposium Series: Shared Autonomy in Research and Practice (Arlington, VA), 298–303.

Anguera, X., Macrae, R., and Oliver, N. (2010). “Partial sequence matching using an unbounded dynamic time warping algorithm,” in 2010 IEEE International Conference on Acoustics Speech and Signal Processing (ICASSP) (Dallas, TX, USA: IEEE), 3582–3585.

Argall, B. D. (2015). “Turning assistive machines into assistive robots,” in SPIE 9370, Quantum Sensing and Nanophotonic Devices XII, eds M. Razeghi, E. Tournié, and G. J. Brown (San Francisco, CA, USA), 93701Y.

Behera, A., Chapman, M., Cohn, A. G., and Hogg, D. C. (2014). “Egocentric activity recognition using histograms of oriented pairwise relations,” in 2014 International Conference on Computer Vision Theory and Applications (VISAPP) (Lisbon: IEEE), 22–30.

Behera, A., Hogg, D. C., and Cohn, A. G. (2012). “Egocentric activity monitoring and recovery,” in Asian Conference on Computer Vision (Berlin, Heidelberg: Springer), 519–532.

Belardinelli, A., Herbort, O., and Butz, M. V. (2015). Goal-oriented gaze strategies afforded by object interaction. Vision Res. 106, 47–57. doi:10.1016/j.visres.2014.11.003

Bouguet, J.-Y. (2015). Camera Calibration Toolbox for MATLAB. Available at: http://www.vision.caltech.edu/bouguetj/calib_doc/

Boulgouris, N. V., Plataniotis, K. N., and Hatzinakos, D. (2004). “Gait recognition using dynamic time warping,” in IEEE Workshop on Multimedia Signal Processing (Siena, Italy), 263–266.

Calli, B. C., Singh, A., Walsman, A., Srinivasa, S., Abbeel, P., and Dollar, A. M. (2015a). The YCB Object and Model Set: Towards Common Benchmarks for Manipulation Research. Available at: http://ycb-benchmarks.s3-website-us-east-1.amazonaws.com/

Calli, B., Walsman, A., Singh, A., Srinivasa, S., Abbeel, P., and Dollar, A. M. (2015b). Benchmarking in manipulation research: the YCB object and model set and benchmarking protocols. arXiv preprint arXiv:1502.03143. Available at: http://arxiv.org/abs/1502.03143

Detry, R., Baseski, E., Popovic, M., Touati, Y., Kruger, N., Kroemer, O., et al. (2009). “Learning object-specific grasp affordance densities,” in IEEE 8th International Conference on Development and Learning, 2009. ICDL 2009 (Shanghai, China: IEEE), 1–7.

Fathi, A., Farhadi, A., and Rehg, J. M. (2011). “Understanding egocentric activities,” in Proceedings of the International Conference on Computer Vision (Washington, DC, USA), 407–414.

Fathi, A., Li, Y., and Rehg, J. M. (2012). “Learning to recognize daily actions using gaze,” in European Conference on Computer Vision (Berlin, Heidelberg: Springer), 314–327.

Fathi, A., and Rehg, J. M. (2013). “Modeling actions through state changes,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Portland, OR, USA), 2579–2586.

Gavrila, D. M., and Davis, L. S. (1995). “Towards 3-D model-based tracking and recognition of human movement: a multi-view approach,” in International Workshop on Automatic Face and Gesture Recognition (Zurich, Switzerland), 272–277.

Gibson, J. J. (1977). “The theory of affordances,” in Perceiving, Acting, and Knowing: Towards an Ecological Psychology, eds R. Shaw and J. Bransford (Hoboken, NJ: John Wiley & Sons Inc.), 127–143.

Haji Fathaliyan, A., Wang, X., Bazargan, S., and Santos, V. J. (2017). “Hand-object kinematics and gaze fixation during bimanual tasks,” in Proceedings of the Annual Meeting of the American Society of Biomechanics (Boulder, CO).

Harvey, A., Vickers, J. N., Snelgrove, R., Scott, M. F., and Morrison, S. (2014). Expert surgeon’s quiet eye and slowing down: expertise differences in performance and quiet eye duration during identification and dissection of the recurrent laryngeal nerve. Am. J. Surg. 207, 187–193. doi:10.1016/j.amjsurg.2013.07.033

Hayhoe, M., and Ballard, D. (2005). Eye movements in natural behavior. Trends Cogn. Sci. 9, 188–194. doi:10.1016/j.tics.2005.02.009

Itti, L., Koch, C., and Niebur, E. (1998). A model of saliency-based visual attention for rapid scene analysis. IEEE Trans. Pattern Anal. Mach. Intell. 20, 1254–1259. doi:10.1109/34.730558

Jenkins, Q., and Jiang, X. (2010). “Measuring trust and application of eye tracking in human robotic interaction,” in IIE Annual Conference. Proceedings (Cancun: Institute of Industrial and Systems Engineers (IISE)), 1.

Johansson, R. S., Westling, G., Bäckström, A., and Flanagan, J. R. (2001). Eye-hand coordination in object manipulation. J. Neurosci. 21, 6917–6932.

Kandel, E. R., Schwartz, J. H., and Jessell, T. M. (eds) (2000). Principles of Neural Science, 4th Edn. New York: McGraw-Hill, Health Professions Division.

Kanoulas, D., and Vona, M. (2014). “Bio-inspired rough terrain contact patch perception,” in 2014 IEEE International Conference on Robotics and Automation (ICRA) (Hong Kong: IEEE), 1719–1724.

Land, M., Mennie, N., and Rusted, J. (1999). The roles of vision and eye movements in the control of activities of daily living. Perception 28, 1311–1328. doi:10.1068/p2935

Land, M. F., and Hayhoe, M. (2001). In what ways do eye movements contribute to everyday activities? Vision Res. 41, 3559–3565. doi:10.1016/S0042-6989(01)00102-X

Leclercq, A., Akkouche, S., and Galin, E. (2001). “Mixing triangle meshes and implicit surfaces in character animation,” in Computer Animation and Simulation 2001: Proceedings of the Eurographics Workshop in Manchester, UK, September 2–3, 2001, eds N. Magnenat-Thalmann and D. Thalmann (Vienna: Springer Vienna), 37–47.

Lederman, S. J., and Klatzky, R. L. (1987). Hand movements: a window into haptic object recognition. Cogn. Psychol. 19, 342–368. doi:10.1016/0010-0285(87)90008-9

Li, S., Zhang, X., and Webb, J. (2017). 3D-gaze-based robotic grasping through mimicking human visuomotor function for people with motion impairments. IEEE Trans. Biomed. Eng. 64, 2824–2835. doi:10.1109/TBME.2017.2677902

Luo, R., Hayne, R., and Berenson, D. (2017). Unsupervised early prediction of human reaching for human–robot collaboration in shared workspaces. Auton. Robots 42, 631–648. doi:10.1007/s10514-017-9655-8

Maeda, G., Ewerton, M., Lioutikov, R., Amor, H. B., Peters, J., and Neumann, G. (2014). “Learning interaction for collaborative tasks with probabilistic movement primitives,” in 2014 14th IEEE-RAS International Conference on Humanoid Robots (Humanoids) (Madrid: IEEE), 527–534.

Manning, C. D., Raghavan, P., and Schütze, H. (2008). Introduction to Information Retrieval. New York: Cambridge University Press.

Matsuo, K., Yamada, K., Ueno, S., and Naito, S. (2014). “An attention-based activity recognition for egocentric video,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition Workshops (Columbus, OH, USA), 551–556.

Montesano, L., and Lopes, M. (2009). “Learning grasping affordances from local visual descriptors,” in 2009 IEEE 8th International Conference on Development and Learning (Shanghai, China), 1–6.

Morato, C., Kaipa, K. N., Zhao, B., and Gupta, S. K. (2014). Toward safe human robot collaboration by using multiple kinects based real-time human tracking. J. Comput. Inf. Sci. Eng. 14, 011006. doi:10.1115/1.4025810

Morrison, R. E., and Rayner, K. (1981). Saccade size in reading depends upon character spaces and not visual angle. Percept. Psychophys. 30, 395–396. doi:10.3758/BF03206156

Moulton, C., Regehr, G., Lingard, L., Merritt, C., and MacRae, H. (2010). Slowing down to stay out of trouble in the operating room: remaining attentive in automaticity. Acad. Med. 85, 1571–1577. doi:10.1097/ACM.0b013e3181f073dd

Nguyen, T.-H.-C., Nebel, J.-C., and Florez-Revuelta, F. (2016). Recognition of activities of daily living with egocentric vision: a review. Sensors 16, 72. doi:10.3390/s16010072

Nyström, M., and Holmqvist, K. (2010). An adaptive algorithm for fixation, saccade, and glissade detection in eyetracking data. Behav. Res. Methods 42, 188–204. doi:10.3758/BRM.42.1.188

Oldfield, R. C. (1971). The assessment and analysis of handedness: the Edinburgh Inventory. Neuropsychologia 9, 97–113. doi:10.1016/0028-3932(71)90067-4

Pearson, J., and Kosslyn, S. M. (eds) (2013). Mental Imagery. Frontiers Media SA.

Petitjean, F. (2016). MATLAB Function for “DBA: Averaging Time Series Consistently with Dynamic Time Warping”. Available at: https://www.mathworks.com/matlabcentral/fileexchange/47483-fpetitjean-dba

Petitjean, F., Ketterlin, A., and Gançarski, P. (2011). A global averaging method for dynamic time warping, with applications to clustering. Pattern Recognit. 44, 678–693. doi:10.1016/j.patcog.2010.09.013

Spriggs, E. H., De La Torre, F., and Hebert, M. (2009). “Temporal segmentation and activity classification from first-person sensing,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition Workshops (Miami Beach, FL: IEEE), 17–24.

Srinivasa, S. S., Berenson, D., Cakmak, M., Collet, A., Dogar, M. R., Dragan, A. D., et al. (2012). Herb 2.0: lessons learned from developing a mobile manipulator for the home. Proc. IEEE 100, 2410–2428. doi:10.1109/JPROC.2012.2200561

The MathWorks. (2017). Single Camera Calibration App. Available at: https://www.mathworks.com/help/vision/ug/single-camera-calibrator-app.html

Truitt, F. E., Clifton, C., Pollatsek, A., and Rayner, K. (1997). The perceptual span and the eye-hand span in sight reading music. Vis. cogn. 4, 143–161. doi:10.1080/713756756

Vickers, J. N. (2007). Perception, Cognition, and Decision Training: The Quiet Eye in Action. Champaign, IL: Human Kinetics.

Westerfield, G., Mitrovic, A., and Billinghurst, M. (2015). Intelligent augmented reality training for motherboard assembly. Int. J. Artif. Intell. Educ. 25, 157–172. doi:10.1007/s40593-014-0032-x

Yi, W., and Ballard, D. (2009). Recognizing behavior in hand-eye coordination patterns. Int. J. HR 06, 337–359. doi:10.1142/S0219843609001863

Yu, C., and Ballard, D. (2002). “Understanding human behaviors based on eye-head-hand coordination,” in Biologically Motivated Computer Vision (Heidelberg, Berlin: Springer), 611–619.

Zhang, Y. (2012). Edinburgh Handedness Inventory (Revised). Available at: http://zhanglab.wikidot.com/handedness

Zhou, F., and De la Torre, F. (2012). “Generalized time warping for multi-modal alignment of human motion,” in 2012 IEEE Conference on Computer Vision and Pattern Recognition (CVPR) (Providence, RI: IEEE), 1282–1289.

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Haji Fathaliyan, Wang and Santos. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/frobt-05-00025-t002.jpg
Saccade Reach Pick  Set Move Pour Stir
Fixation up  down

Reach 0050 3e-6" 0.030 2e-13*
Pick up 0.707 0.462 3e-12*
Set down 0242 0496 0938 2e-9"
Move 0666 0992 0432 9e-8' 9e-23"
Pour 1e-10°  6e-9' 20-8"
Stir 3e-9"  le-7 4e-T"

Asterisks indicate the t-tests that were statistically significant for a Bonferroni-corrected
« = 0.003.





OPS/images/frobt-05-00025-t001.jpg
Subtask 1:remove  Subtask2:move  Subtask3: Subtask 4: transfer Subtask 5: replace Subtask 6: pour
pitcher lid spoon into pitcher  stir inside  liquid from pitcher pitcher lid liquid into mug
pitcher  to mug using spoon
Action  Reach for pitcher lid Reach for pitcher Stir Scoop inside pitcher Reach for pitcher lid Reach for mug
units  Reach for pitcher Reach for spoon Reach for mug Reach for pitcher

Pick up pitcher lid
Set down pitcher lid

Pick up spoon
Move spoon

Move mug to pitcher

Move spoon to mug

Drop liquid into mug using spoon
Set down mug

Set down spoon

Pick up pitcher lid
Move pitcher lid to pitcher
Insert pitcher lid into pitcher

Pick up mug
Move mug to pitcher
Reach for pitcher handle
Pick up pitcher

Pour liquid

Set down pitcher





OPS/images/frobt-05-00025-eq002.jpg
accuracy; =

TR +1N;

TP, + TN, + FP. + FN;,

()





OPS/images/frobt-05-00025-eq001.jpg
DTW(X,Y)=mi






OPS/images/frobt-05-00025-g011.jpg
A Mug B Spoon

N\

Reach for Set down Move spoon  Set down

[ EEEE—
0 01020304 0506070809 1.0

mug mug to mug spoon
C Pitcher D Pitcher lid
Reach for Set down Pick up Insert
pitcher pitcher pitcher lid pitcher lid

into pitcher





OPS/images/frobt-05-00025-g010.jpg
True subtask labels

(16.3%)

3

(23%) [CXGBY (7.0%) (2.3%) (23%)

Predicted subtask labels

0.8

0.6

0.4

0.2

0.0





OPS/images/frobt-05-00025-g005.jpg
A Subtask 1: Remove pilcher lid B~ Movespooning C Subtask 3: Stir inside pitcher
pitcher

u 0102 03 04 05 06 07 08 09 1.0

[NPe 8.9 £\ Pe

pitcher table
(@21% pitcher (16.4%) pitcher
table (43 5%) (43.1%) 5
poon
(24.4%) (54.1%)
pitcher lid spoon 'spoon : d
(42.5%) mu: (31.8%)

D Subtask 4: Transfer liquid from E Subtask 5: Replace pitcher lid Subtask 6: Pour liquid into mug

pitcher to mug using spoon

pitcher (53%)
(26.0%) pitcher table
(1.8%) (21.4%)
pitcher lid
(193%) (46.7%) ©11%)





OPS/images/frobt-05-00025-g006.jpg
A Raw gaze object sequence (1xN)

wsssss A 44444444 8
w2
w3
w11

B Filtered gaze object sequence (7 x N)

w1 w2 W3 w11

C Gaze object sequence in matrix form (M x N)

o o

Mug 0 00O0OTO0OOO
Spoon 0 0 0 00
Pitcher = 2 3 456 7 8 910
Pitcher lid 8 7 6 5 4 3 21
Table 0 00O0O0OO0OO0OTO

oo





OPS/images/frobt-05-00025-g003.jpg
A Gaze fixation
Not assoc. with action unit

Assoc. with action unit

0 03T 0.7T
Action unit period
B Saccade
Not assoc. with action unit

Assoc. with action unit

-0.2T 0 0.8T
Action unit period





OPS/images/frobt-05-00025-g004.jpg
Gaze fixation duration

A

o o e
i i 4 m TR, A— -4
........ g
. °
2
...... D el T e ¥
2]
[ RS ] m 8 [Ty S— -4
[
s 8
....... o) § 0
s = dg 8 8§ =2 -°
(Bap) azis apedoeg
o

Stir

Pour

Reach Pickup Setdown Move

Verb group





OPS/images/frobt-05-00025-g009.jpg
Recognition
performance (%)

D

Recogni
performance (%)

100

80

60
40
20

)

5]
38

80
60
40
20

o

Subtask 1: Remove pitcher lid

—— accuracy
—~ precision
recall

100
80
60
40
20

Subtask 2: Move spoon into
pitcher

C Subtask 3: Stir inside pitcher

100
80
60

40

ra

sl

20

10 20 30 40 50 60 70 80 90 100

Subtask 4: Transfer liquid from
pitcher to mug using spoon
C N W

E

100
80 80
60 60
40 4

i
20} 201/
0 0

10 20 30 40 50 60 70 80 90 100
Subtask 5: Replace pitcher lid

10 20 30 40 50 60 70 80 90 100

F Subtask 6: Pour liquid into mug

T | B
100

10 20 30 40 50 60 70 80 90 100
Novel sequence time elapsed (%)

10 20 30 40 50 60 70 80 90 100
Novel sequence time elapsed (%)

10 20 30 40 50 60 70 80 90 100
Novel sequence time elapsed (%)





OPS/images/frobt-05-00025-g007.jpg
A Subtask 1: Remove pitcher lid
I i TN W w

B Subtask 2: Move spoon into pitcher

C Subtask 3: Stir inside pitcher
T T  OW .

D Subtask 4: Transfer liquid from pitcher to mug using
spoon

I B N N ]
E Subtask 5: Replace pitcher lid

F Subtask 6: Pour liquid into mug
I | 1





OPS/images/frobt-05-00025-g008.jpg
A Representative novel gaze object sequence

B DBA gaze object sequence for Subtask 4

C DTW Euclidean distance between a novel gaze
object sequence and the DBA sequence
for each of the six subtasks
Comparisons of a novel gaze object sequence
with respect to
—-—— Subtask 1 Subtask 4 (correct)
Subtask 2 — — - Subtask 5
16 ------ Subtask 3 - Subtask 6

c
©
(0]
3
©
E
o
g
[a) 10 20 30 40 50 60 70 80 90 100
Novel / Char. seq. time elapsed (%)





OPS/images/cover.jpg
frontiers
in Robotics and Al

Exploiting Three-Dimensional
Gaze Tracking for Action
Recognition During Bimanual
Manipulation to Enhance
Human-Robot Collaboration





OPS/images/frobt-05-00025-g001.jpg





OPS/images/frobt-05-00025-In_eq003.jpg





OPS/images/frobt-05-00025-g002.jpg
End of
stirring

Start of
stirring

o

0
100
-100
-200

(Bap) saxe saysyd pue
uoods uaamjaq a|buy

20

16

Time (s)





OPS/images/frobt-05-00025-In_eq005.jpg





OPS/images/logo.jpg
Ghesk for

i@





OPS/images/frobt-05-00025-In_eq004.jpg
ir)

d(w;)





OPS/images/frobt-05-00025-eq004.jpg
recall, = ———. )
TP. + FN,





OPS/images/frobt-05-00025-eq003.jpg
precision; = ————,
TP. + EP.





OPS/images/frobt-05-00025-In_eq002.jpg





OPS/images/frobt-05-00025-In_eq001.jpg





