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Modern myoelectric prostheses can perform multiple functions (e.g., several grasp types and wrist rotation) but their intuitive control by the user is still an open challenge. It has been recently demonstrated that semi-autonomous control can allow the subjects to operate complex prostheses effectively; however, this approach often requires placing sensors on the user. The present study proposes a system for semi-autonomous control of a myoelectric prosthesis that requires a single depth sensor placed on the dorsal side of the hand. The system automatically pre-shapes the hand (grasp type, size, and wrist rotation) and allows the user to grasp objects of different shapes, sizes and orientations, placed individually or within cluttered scenes. The system “reacts” to the side from which the object is approached, and enables the user to target not only the whole object but also an object part. Another unique aspect of the system is that it relies on online interaction between the user and the prosthesis; the system reacts continuously on the targets that are in its focus, while the user interprets the movement of the prosthesis to adjust aiming. Experimental assessment was conducted in ten able-bodied participants to evaluate the feasibility and the impact of training on prosthesis-user interaction. The subjects used the system to grasp a set of objects individually (Phase I) and in cluttered scenarios (Phase II), while the time to accomplish the task (TAT) was used as the performance metric. In both phases, the TAT improved significantly across blocks. Some targets (objects and/or their parts) were more challenging, requiring thus significantly more time to handle, but all objects and scenes were successfully accomplished by all subjects. The assessment therefore demonstrated that the system is indeed robust and effective, and that the subjects could successfully learn how to aim with the system after a brief training. This is an important step toward the development of a self-contained semi-autonomous system convenient for clinical applications.
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1. INTRODUCTION

The control of robotic hand prostheses at a human-like level of dexterity remains unsolved despite the recent advancements in human-machine interfacing (HMI) (Farina et al., 2014, 2021; Geethanjali, 2016; Yang et al., 2019). To achieve such capabilities, both robotic hardware and control methods need to be mature enough. Whereas, in terms of hardware, robotic hand prostheses can already match fairly well the versatility (e.g., Laffranchi et al., 2020) and even the number of Degrees-of-Freedom (DoF) of a human hand, the HMI methods still struggle to offer reliable control solutions for dexterous systems (Asghari Oskoei and Hu, 2007; Fougner et al., 2012).

The conventional approaches to prosthesis control are based on intent detection from surface electromyography (sEMG). The direct control used in most commercial hand prostheses is characterized by a direct mapping between a specific sEMG channel and a pre-defined prosthesis DoF. To access different DoF, the user needs to generate switching commands, which makes this approach slow, difficult, and non-intuitive, especially in the case of more advanced prostheses with many functions. Classification-based control relies on pattern recognition (Atzori et al., 2016; Geng et al., 2016) to recognize a predefined set of gestures and, similarly to direct control, operates the prosthesis sequentially but eliminates the need for explicit switching. Regression-based approaches seem to be the most promising as they enable simultaneous control of multiple DoFs, allowing the prosthesis to move naturally (Hahne et al., 2018). However, the reliable control is limited to two-DoFs (Hahne et al., 2014). Both regression and classification rely on training data, which has to be collected a priori, and require subsequent recalibrations (Ortiz-Catalan et al., 2014; Parajuli et al., 2019). Furthermore, the performance of these control strategies is affected by the factors that change muscle activation patterns (i.e., controller inputs) such as sweat, arm position, electrode shift, and force levels (Farina et al., 2014; Parajuli et al., 2019). Lastly, in these methods, the cognitive burden is on the user's side as he/she is responsible for explicit control of all functions. Together, these factors might have a negative impact on the acceptance rates of these devices (Østlie et al., 2012), which have been low for nearly four decades despite the advancements in research (Biddiss and Chau, 2007; Salminger et al., 2020).

One approach to address these challenges is to use multi-modal control strategies that offer potential for semi-autonomous prosthesis control (Jiang et al., 2012). The main idea is to equip a prosthesis with additional sensors that provide information about the environment, thereby allowing the system to perform some tasks automatically, under the supervision of the user. This reduces the cognitive burden of control and allows operating complex systems with simple command interfaces.

For instance, imaging sensors that can retrieve RGB data (Došen et al., 2010; Ghazaei et al., 2017; Gardner et al., 2020; Zhong et al., 2020), depth data (Markovic et al., 2014, 2015; Ghazaei et al., 2019; Mouchoux et al., 2021), and a combination of both (Maymo et al., 2018; Shi et al., 2020) can be used for prosthesis control. These exteroceptive sensors enable the prosthesis controller to estimate the shape, dimension, and orientation of target objects and use this information to adjust prosthesis configuration automatically.

Došen et al. (2010) employed an RGB camera and a laser depth sensor placed on a prosthesis to estimate the size and shape of a target object and select prosthesis grasp type and size appropriate for grasping the object. Markovic et al. (2014) exploited augmented reality (AR) glasses with stereovision to model target objects by fitting geometric primitives and to provide visual feedback to the user. In the next study, Markovic et al. (2015) replaced stereovision with a depth sensor and included an inertial measurement unit to additionally estimate and adjust the prosthesis wrist orientation. In a recent work, Mouchoux et al. (2021) advanced the system further by enhancing depth data processing and using sensor fusion to enable the system to function in cluttered environments and without an explicit triggering of automatic operation.

Ghazaei et al. (2017) introduced the use of deep learning, namely convolutional neural networks, to classify images taken from an RGB camera and separate objects into categories corresponding to specific grasp types. The same authors (Ghazaei et al., 2019) later proposed to extend this classification approach using depth data, so that similar object shapes could be grouped in different grasp types based on the similarity of point cloud features. Zhong et al. (2020) used Bayesian neural networks to recognize target objects from RGB images, even in cluttered scenes, and quantify the uncertainty of the respective predictions. Shi et al. (2020) acquired an RGB-D dataset of objects for grasping tasks and found out that gray-scaled images plus depth data (both 2D-tensor inputs) improved the classification accuracy of grasp patterns compared to RGB data (3D-tensor), when using convolutional neural networks. Gardner et al. (2020) tested a framework for shared autonomy based on a multimodal sensor approach, where RGB data were used for object recognition while inertial data enhanced the intention prediction based on the subject's grasping trajectory.

Most of the aforementioned studies have presented systems where the vision sensors were placed on the user (Markovic et al., 2014, 2015; Gardner et al., 2020). This choice provides the best view in terms of scene-analysis but it requires the user to wear an additional component beyond the prosthesis [e.g., smart glasses with an embedded camera (Markovic et al., 2014) or an AR set (Mouchoux et al., 2021)]. A recent example presented in Mouchoux et al. (2021) describes a solution that provides extensive functionality (e.g., scene modeling, prosthesis tracking, and interaction prediction) but it is also rather cumbersome to wear. So far, only three systems have proposed a hand placement of the vision sensor (Došen et al., 2010; Ghazaei et al., 2017; Zhong et al., 2020), with a camera positioned on the dorsal side of a prosthesis or gripper. The advantage of such placement is that it resembles a self-contained system. However, it also represents a challenge as it limits the field-of-view of the camera and the sensor orientation depends on the prosthesis movements. In addition, the aforementioned self-contained approaches all relied on an RGB camera, which provides a limited functionality in terms of computer vision.

The semi-autonomous prosthesis control used in most of these studies relies on controllers that need to be explicitly triggered by the user. In such sequential scheme, a myoelectric command is performed to activate the controller to detect a given target object, process the visual information and adjust the configuration of the prosthesis to enable grasping. The semi-autonomous control has been shown to outperform direct control with switching (Markovic et al., 2015) as well as pattern classification (Mouchoux et al., 2021), especially in cases of complex systems with many DoFs. In addition, it also decreases the use of muscles during prosthesis control, thus reducing the physical effort.

The present manuscript proposes a novel, continuous semi-autonomous prosthesis control approach that uses a depth sensor placed on the dorsal side of the prosthetic hand. A closed-loop controller employs depth perception and enables the prosthesis to operate continuously by reacting to where the user aims at each moment. Thus, to grasp a target, the user needs to approach the object and point the camera. Once the target is detected and analyzed, the prosthesis automatically adjusts its configuration (wrist orientation, grasp type, and size) to align and pre-shape the hand for grasping. Importantly, the computer vision pipeline runs continuously, even while the prosthesis adjusts its configuration, and the controller is capable of perceiving not only whole objects but also their components (e.g., a tip) and segments/portions (e.g., a side). The automatic controller and the user operate the prosthesis in parallel, and the user interacts with the system by adjusting their aim to grasp a desired object part or an object lying within a cluttered scene. This is therefore, a closed-loop control scheme in which the user-system interaction (collaboration) is critical for successful task accomplishment. To investigate the development of these interactions in different scenarios as well as the feasibility of such a solution, the proposed system was tested in ten able-bodied individuals, who used the system to grasp individual objects or object parts placed on a table and within cluttered scenes.



2. MATERIALS AND METHODS


2.1. System Components

A two-DoF left hand prosthesis (Michelangelo Hand, Ottobock, Duderstadt, Germany) was used in this study. The prosthesis is capable of rotating the wrist and opening/closing its fingers in two different grasp types—palmar (max. aperture 110 mm) and lateral (max. aperture 70 mm). The prosthesis was mounted on a forearm splint in order to enable testing in able-bodied participants.

The myoelectric interface comprised two double-differential surface EMG (sEMG) active/dry electrodes (Model 13E200 = 50, Ottobock, Duderstadt, Germany), which provided rectified and pre-amplified signals used for intent detection. The two sEMG channels were placed on the subject's right forearm (ipsilateral-side), above the wrist flexor and extensor muscles according to Cram's guidelines (Criswell, 2010). The communication between the prosthesis and the main processing unit (laptop) was established through a Bluetooth connection, which enabled reading of prosthesis sensor data (wrist angle, hand aperture, grasp type, and grasping force) and sEMG channels as well as sending velocity control commands to the prosthesis at a rate of 100 Hz.

The depth perception was provided by a Realsense™ active infrared stereo camera (Model D435i, Intel, US) using a depth stream with a resolution of 424 × 240 px and refresh rate of 90 fps. The camera was mounted on the dorsal side of the prosthetic hand and connected to a Microsoft Windows laptop (Intel® Core™ i7-8665U CPU @1.90 GHz, 2.1 GHz, 4 Cores, 8 Logical Processors, with 32 GB RAM) using an extra 2 m active USB-A 3.0 extension cable (DELTACO Prime, SweDeltaco AB, Stockholm, Sweden).



2.2. Control Scheme

The novel semi-autonomous control approach is depicted in Figure 1. The prosthesis is configured to start in autonomous mode, in which it reacts to the surrounding environment by continuously adjusting its configuration (wrist orientation, grasp type, and size), depending on the object or object part at which the user aims.


[image: Figure 1]
FIGURE 1. A semi-autonomous control strategy. The user orients the prosthesis to aim at the target. The prosthesis responds continuously to objects identified as the target, and the subject uses visual assessment and interpretation of the prosthesis motion to adjust the aiming.


Computer vision closed-loop control uses depth sensing to continuously estimate the dimensions and orientation of a given target object or object part that is presently in the focus of the camera. This estimation is performed regardless of (1) the camera orientation (e.g., the hand being horizontal, tilted, or vertical), or (2) the side from which the target is approached. Based on the estimated object properties, the controller automatically orients and pre-shapes the prosthesis appropriately for grasping the identified target. Since the prosthesis continuously reacts to the environment, the user can rely on implicit visual feedback provided by the prosthesis movements to understand what the system is doing and adjust his/her aiming if required. Once the user is satisfied with the momentary prosthesis configuration, in which the system is aligned with the target and pre-shaped into a suitable grasp type and size, he/she can take over the control from the autonomous controller and proceed to grasping and manipulating the object using volitional direct control. The user takes over the control by extending the wrist, thus generating a myoelectric command. From that moment, the hand is controlled volitionally using direct proportional approach with two EMG electrodes, and the automatic control is reactivated by opening the hand and releasing the object.

The semi-autonomous control was implemented in C++ (Visual Studio 2019, Microsoft, US). The control loop is depicted in Figure 2 (top) together with an illustrative example (Figure 2, bottom). A proportional controller continuously changes the prosthesis configuration state x (until convergence) based on the momentary error (Δx) with respect to the target configuration xREF. The controller generates velocity commands (u) and the gains (K1 and K2) are adjusted heuristically to achieve a trade-off, namely, a responsive prosthesis that reacts to aimed objects but which, at the same time, does not move too fast so that the user can easily perceive and interpret the prosthesis behavior. The latter aspect is particularly important to close the control loop through visual feedback as indicated in Figure 1. The prosthesis state comprises three variables: two continuous (the wrist angle x1 and the grasp size x2) and one discrete (the grasp type x3). The wrist angle and grasp size are adjusted in normalized units, where [0, 1] interval corresponds to the range of motion, while the grasp type, takes two states, i.e., palmar or lateral grasp. The reference prosthesis configuration xREF is estimated from the depth data using computer vision as described in the next section.


[image: Figure 2]
FIGURE 2. Semi-autonomous control scheme. A proportional controller (B) continuously adjusts the prosthesis configuration (x) to match the reference (xREF) provided by computer vision (A). The computer vision module determines the reference configuration by estimating the properties of a target object. When the subject observes that the prosthesis is pre-shaped conveniently for the grasp, he/she takes over the control and closes the hand around an object (C,D). Annotation: x and xREF—the current and desired prosthesis state; u—prosthesis commands; x1, x2, and x3—angle, grasp size, and type (0—palmar, 1—lateral).


In the example shown in Figure 2 (bottom panel), the hand is initially rotated so that the camera is vertical. The subject aims to the plastic cap at the top of a cylindrical can. The computer vision detects the object, rotates the hand using visual servoing (Figures 2A,B), selects the lateral grasp and adjusts the aperture size (hand horizontal, lateral grasp, small aperture). If at any moment during this process, the subject would aim a little below, the prosthesis would start configuring to grasp the can body (hand vertical, palmar grasp, medium aperture). The subject observes the hand motion, and when it assumes appropriate configuration, he/she takes over the control, closes the hand and lifts the object (Figures 2C,D).



2.3. Depth Perception and Object Modeling

The processing pipeline for depth data was implemented using the well-known open-source Point Cloud Library v11.0 (Rusu and Cousins, 2011). To decrease the amount of irrelevant depth data and prevent additional computational effort, the depth acquisition volume was confined to a virtual cropping box (hereafter referred to as “the scene”) with dimensions 150 × 150 × 250 mm. This volume was adopted by considering the task, namely, grasping objects in front of the hand. The data were downsampled using an approximate voxel grid with a voxel size of 2 × 2 × 2 mm. Given the hardware limitations imposed by the depth camera (minimum resolving depth distance) and the prosthesis fingers (violating that volume and appearing within the scene), the cropping box was positioned at a distance of 115 mm in front of the camera, i.e., along the z-axis of the hand/camera (Figure 3, left).


[image: Figure 3]
FIGURE 3. Depth perception pipeline. The scene is segmented in the point clouds belonging to different objects/object parts and the partitioned point cloud with the closest centroid (A) is selected for shape fitting (B). In the present example, the plastic cap is chosen as the target and the best model to fit the point cloud is the cylinder. The coordinate system of the camera (X'Y'Z' frame, moving) and the socket (XYZ frame, static) is shown on the left. (A) Shows the projection of the point cloud centroids onto the X'OY' plane of the camera, and the arrows represent the distance of the centroids from the origin of the camera coordinate system. (C) The decision tree for the selection of grasp type uses object properties such as length l, diameter d (or width w) and approaching angle α (cylinder only), and enables selecting a palmar (PLM) or a lateral (LAT) grasp. (D) Derivation of the grasping direction vector from the model to calculate the orientation of the object in the static XYZ frame and the respective target wrist angle. The grasp size can be trivially obtained from the model.


As shown in Figure 3 (left), the system considers two reference frames: one placed on the hand/camera (the moving frame X'Y'Z') and another placed at the prosthesis socket (the static frame XYZ). Since the socket reference frame is static in relation to the user's forearm, the system can identify a target object or object part regardless of the prosthesis or the user's arm orientation in the real-world. For example, the system will react exactly the same whether a target lies on a table, is placed on a wall or is hanging from the ceiling. This is an additional flexibility compared to the semi-autonomous systems presented in the literature (Markovic et al., 2014, 2015; Mouchoux et al., 2021), which often assume that the objects are placed on a supporting surface that is detected and then removed. In order to make the automated wrist motion more natural, the range of motion of the prosthetic wrist is limited to 70° of supination and 90° of pronation. Hence, when the prosthesis is fully pronated, the hand/camera X'Y'Z' frame aligns with the prosthesis socket XYZ frame.

The depth data processing pipeline (Figures 3A,B) involves three main steps: (1) point cloud segmentation, (2) target selection, and (3) geometric primitive fitting.

The segmentation is performed using the Locally Convex Connected Patches (LCCP) (Stein et al., 2014) algorithm that involves the clustering of distinct convex regions within the point cloud. The regions may correspond to isolated objects or different parts/portions within the same object (Figure 3A) and this enables the system to operate in cluttered environments. The segmentation output is a list of labeled centroids of the point clouds that fulfill a minimum size threshold.

The target selection step uses the list of labeled centroids and infers the aimed target by projecting all centroids onto the X'OY'-plane of the camera and selecting the one that is closest to the origin, as exemplified in Figure 3A. This grants robustness to the aiming process as the subject does not need to aim directly at an object, but to its vicinity.

Finally, the Random Sample Consensus (RANSAC) (Fischler and Bolles, 1981) algorithm is used to simultaneously (i.e., parallel processing with multiple threading) fit each of the three pre-defined geometric primitive models (a sphere, a cylinder, and a cuboid) to the selected point cloud and choose the best fitting model (Figure 3B).

While the RANSAC fitting of the parametric sphere and cylinder models is trivial, the cuboid primitive is obtained by fitting of up to two perpendicular plane models. These are consecutively fitted to the selected sub point cloud until more than 70% of the points in the point cloud are inliers. Once the point cloud of the first plane is obtained, the first two axes of the cuboid primitive are determined by applying the principal component analysis to the 3-D points to find the first two principal components. All points on that plane are then projected along these two axes to obtain the first two dimensions, width and height, of the cuboid primitive. If a second perpendicular plane can still be fitted to the remaining points of the sub-point cloud, the third axis is defined by the cross-product between the first two principal components. The third dimension of the cuboid primitive, the depth, is then found by projecting all points of the second plane's point cloud along that third axis. Otherwise, if only plane model could be fitted, the depth is considered to be 5 mm by default (“thin” object).



2.4. Estimation of Grasp Type, Size, and Wrist Orientation

The computer vision module estimates the desired prosthesis configuration (xREF) by considering the properties of the grasping target (object or object part) retrieved from the best fitting model. To decide the grasp type and size, the model properties (length l and diameter d, or width w) and approaching angle α (cylindrical model only) are processed by a decision tree (Figure 3C), one per model type, similarly to the approach initially proposed by Došen et al. (2010). The trees are constructed so that the long and/or thick objects are grasped using palmar grip, while lateral grip is used for smaller thin objects. In the case of cylindrical targets, an approaching angle α measured between the longitudinal axis of the cylinder and the Z'-axis of the prosthesis frame is used to understand if the cylinder is being approached frontally or from above, using an angular threshold of 45°. The approaching angle α allows the system to grasp a cap of a jar or a bottle, using a palmar grasp (as a surrogate of a three-finger pinch) when the cap is larger.

The cuboid model is however treated as a special case. This is not only to grant robustness to the system but also because this primitive can present itself with a single face or multiple faces. Therefore, in the presence of a full cuboid object with multiple faces, it is necessary to infer to which face the user aims at, as the grasping strategy depends on the dimensions (length l and width w) of the targeted face. For that reason, a ray casting procedure is implemented if two or three faces of the cuboid primitive can be seen from the aiming perspective. The approach comprises the following steps: (1) find the closest face among each pair of opposing faces of the cuboid and calculate its center; (2) find the intersection point between the Z-axis of the socket frame and each of the closest face planes; (3) calculate the distance vector from each face center to the respective co-planar intersection point; (4) verify if the intersection point is located outside the dimensions of the current face in the direction of an adjacent and perpendicular face; (5) if it is, reject the current face, otherwise select the face corresponding to the shortest distance vector. Once the face is selected, the longest dimension is set as length l and the smallest as the width w. The obtained parameters then allow selecting the grasp type using a dedicated decision tree.

Other control variables, namely wrist orientation and grasp size, are computed after the grasp type x3 has been selected. As illustrated in Figure 3D (purple arrow), the grasping direction vector is obtained from the local reference frame of the target's primitive model. This vector is by default set along the direction about which the length l of the model is measured. Thus, it corresponds to the longer axis of a cuboid model or to the longitudinal axis of a cylinder (as shown in the figure). In the case of a spherical model, the grasping direction vector assumes the direction of the X-axis of the prosthesis socket reference frame. As the palmar and lateral grasps of the Michelangelo hand differ by the positioning of the prosthesis thumb, the grasping direction vector is rotated clockwise (Figure 3D, orange arrow) in case lateral grasp is selected for the given target. The projection of the grasping direction vector onto the X'OY'-plane of the moving frame of the hand/camera defines a reference prosthesis wrist orientation angle x1 as measured from the socket reference frame (XYZ). Since the zero angle of the hand moving frame matches the full/maximum pronation (~90°), an horizontally oriented target that requires a larger pronation angle (with respect to the socket reference frame) will be interpreted as a supination angle, i.e., the grasping direction vector is automatically flipped 180°. This may therefore require a slight socket inclination, for instance, while picking a long object lying on a table.

The grasp size x2 is given by diameter d (spherical or cylindrical model) or width w (cuboid model) to which an offset is added to introduce a safe zone (aperture somewhat larger than the object size). A smooth transition between different grasps and aperture sizes, which can be triggered as the user reorients the prosthesis and/or camera moves, is ensured by applying a moving average filter with a window size of 20 samples, for the control variables x1 and x2, and majority voting window of 10 samples for the grasp type x3.



2.5. Participants

Ten able-bodied participants (6M/4F, 30 ± 5 yrs) were enrolled in the experimental assessment, which was approved by the Research Ethics Committee for North Jutland (approval N-20190036). The participants were informed about the experiment details, both written and orally, before providing written informed consent.



2.6. Experimental Procedure

The experiment comprised repetitive grasp and move tasks with objects of daily living to test the feasibility of the novel approach to prosthesis control and assess whether the participants can use the system efficiently. More specifically, the aim was to evaluate (i) if they could learn how to aim at an indicated target object or object part by manipulating the prosthesis and observing its online response (Figure 1), and (ii) if the system can be successfully used in a difficult scenario such as a cluttered environment. The experiment consisted of two phases: (i) an initial training phase (Phase I), in which the participants practiced how to accurately aim and grasp a sequence of ten individual objects, and (ii) a cluttered environment phase (Phase II), in which the participants grasped four objects arranged in four cluttered scenes. The latter setup was more challenging for computer vision pipeline, in terms of detecting, segmenting and analyzing objects, as well as for the subjects, as they needed to aim to a particular object (or part) within a crowded scene. While in Phase I the subjects practiced strategies to grasp different types of objects, in Phase II, they were expected to apply those strategies in a more challenging context.

Two areas, A and B, separated by a distance of 50 cm were marked on a table (Figure 4A) as the positions for picking up and dropping objects, respectively. While standing in front of the table, the participants were instructed to grasp and move each object placed on the table by an experimenter in the following manner: (1) they moved the prosthesis from the resting place and approached the object placed at position A; (2) adjusted their aim toward the target in order to grasp it according to the defined task requirements; (3) when they judged that the prosthesis was properly configured, they took over the control and closed the hand; and (4) finally, they transported and dropped the object at position B. The participants were instructed to grasp and move the targets as fast as possible and encouraged to try improving their performance over the trials.


[image: Figure 4]
FIGURE 4. (A) Illustration of the experimental environment comprising a table where two marked areas, separated by a distance of 50 cm, defined the positions for grasping and dropping objects. (B) All 16 objects organized in four different cluttered scenes (A, B, C, and D). Six new objects were introduced in Phase II and no training was provided for them. The labels placed on each object were used as cues to indicate from where the object should be approached and they also provided the number regarding the grasping order.


The objects included in this study were selected to test the system's robustness and capabilities. Table 1 specifies the dimensions, the orientation of the object with respect to table surface, the side from which it is approached, and the expected grasp type. As can be seen from the table, in Phase I, the task was to grasp objects with distinct sizes and shapes as well as different parts within the same object. Phase II introduced some of the previous objects but in different orientations and in clutters, as well as new objects that the participant had not seen during Phase I.


Table 1. List of objects used in the experiment.

[image: Table 1]

The experimenter stayed in the front of the participant during the experiment, across the table, and indicated the grasp type he/she was supposed to use in the current trial. The target object (or part) and the grasping side were indicated directly on the object by a sticker. The participants were initially familiarized with the system for 10–15 min, and the experimenter provided minimal aiming instructions. The experiment then started with Phase I. The objects were individually placed on the table at position “A” following the order listed in Table 1, which was devised to maximally challenge the system and the participant. More specifically, each time an object was dropped at position “B” (end of trial), the prosthesis would remain in the attained configuration and the following object would always require a change in the wrist angle, even if the grasp type was the same between two consecutive objects. The participants performed five blocks of the ten-objects sequence. After that, the experiment proceeded to Phase II, in which six new objects were added to the object pool (objects 11–16, Table 1). The sixteen objects were then clustered in four scenes of four objects as shown in Figure 4B. Each scene was placed at position A following a randomized order per block. The participants performed three blocks of these four scenes.



2.7. Data Analyses

The outcome measure in the experiment was the “time to accomplish the task” (TAT) defined as the time interval from the moment the participant started moving toward the target until he/she released the object. The TAT was measured by the experimenter, who started the timer after giving a verbal command to the subject to begin the task and stopped the timer when he heard a beep generated by the software to indicate the loss of contact force. To assess whether the participants improved across blocks, the median TAT was computed for each subject across all trials/objects in each block (assessment 1). To test if the subjects improved the performance when grasping a particular object across blocks, the median TAT for each object over all participants was computed in each block (assessment 2). Finally, to determine whether grasping some objects was more challenging overall, the median TAT was computed for each object over all participants and blocks (assessment 3).

A Shapiro-Wilk normality test was used to assess if the data was normally distributed. After finding that the data were not normally distributed, a Friedman test was used to evaluate if there was statistically significant difference in performances overall, for the multiple conditions in each assessment. If the test indicated significant difference, post-hoc pairwise comparisons were performed using either the Wilcoxon signed rank test with Bonferroni correction (assessments 1 and 2), or the Tukey's Honestly Significant Difference test (assessment 3).

Lastly, the differences in performance when handling the ten objects that were present in both Phase I and II were also investigated. The median TAT for each object obtained in Phase I was statistically compared to that achieved in Phase II using the Wilcoxon signed rank test. This evaluated whether aiming at and grasping a target object or object part in a cluttered environment posed an extra level of difficulty. The threshold for statistical significance was set at p ≤ 0.05 and the results are reported in the text as M{IQR}, where M is the median and IQR the interquartile range.




3. RESULTS


3.1. System Performance and Versatility

The computer vision processing pipeline allowed the system to function at frame rates between 5 and 16 Hz. The frame rate was variable as the processing time depended on several factors (e.g., object size, shape, and clutter, as well as aiming) and could therefore vary across different objects and trials. For instance, large cuboids were the most computationally heavy (larger point clouds), resulting in processing times up to 200 ms (5 Hz), whereas smaller cylinder and spherical objects (smaller point clouds) could be processed, on average, in 60 ms (16 Hz). Moreover, all objects but one were almost always successfully fitted to their corresponding shape model (overall accuracy of ~97%). The smallest cylinder object, 02 (spray cap), was mistaken for a spherical object 20% of the times due to the reduced amount of points captured, meaning that 20% of the times the sphere model presented a better fitting percentage than the cylinder model. Yet, the implemented majority voting approach enabled the system to function as expected in terms of grasp size. Finally, it should be noted that the size of the smallest spherical and cylindrical objects (02—spray cap, 04—small ball, and 16—spherical cap) tended to be overestimated by ~1 cm on average, which resulted in ~20% of grasp type misclassifications especially for object 16 due to one of the dimension rules (d ≤ 5) imposed by the grasp selection decision tree.

As soon as the automatic controller generated a new decision (desired hand configuration), it sent the commands to the hand for the grasp type, size, and wrist rotation. The movement velocity of the robotic hand was, however, limited to at most a half of its maximum speed (i.e., 12.5 rpm for wrist rotation and 162.5 mm/s for gripping speed) to avoid an uncanny feeling to the user and facilitate the interpretation of the system behavior. The pilot tests demonstrated that such speeds also successfully accommodated the computer vision pipeline processing rates.

Figures 5–7 depict illustrative examples of the system operation recorded during the experiment. The snapshots in Figure 5 are captured during Phase I and they report captured point clouds and resulting system decisions, namely, estimated grasp type, size, and wrist rotation, when grasping three different objects from Table 1 (10, 02, and 01). Figures 5A,B show that the system can detect a target object (ball, 10) and a part of the object (plastic cap, 02) while it is not necessary for the subject to aim directly at the target but only in its vicinity. Figures 5C,D demonstrate that the subject can use the system to grasp different sides of a cuboid object (box, 01) by adjusting the aiming, where depending on the dimensions of the two sides this can lead to different grasp sizes and/or types. A complete run over a block of ten objects in Phase I was recorded and provided as Supplementary Video 1. In Figure 6, a cluttered scene from Phase II is shown, in which the subject successfully marked a single small object, tightly surrounded by much larger objects. This is further illustrated in Supplementary Video 2, which shows the use of the system to grasp objects arranged in the cluttered scenes of Phase II. The adjustment of wrist orientation is depicted in Figure 7. In Figure 7A, the participant aimed at the body of the spray can (object 03), while in Figure 7B, the target was the plastic cap (object 02). The first snapshots show that the two targets were approached with the hand (camera) in different initial positions, hence different orientation of the camera with respect to the object. Snapshots 2–4 show the rotation of the prosthesis from initial into final position, namely, hand horizontal. Note that the computer vision loop operated continuously, which means that the frames were continuously captured and reanalyzed while the hand was moving. If the participant, at any moment, changed the target, the hand would react momentarily. This is shown in Supplementary Video 3, where a subject uses the system to consecutively target at several objects placed on a table or stacked vertically. Each time the hand is pointed toward a different object, the prosthesis automatically readjusts its configuration. Finally, Supplementary Video 4 shows that the system can grasp objects that are not necessarily placed on a table surface. In the video, a subject uses the prosthesis to grasp objects that are handed to him by another person.


[image: Figure 5]
FIGURE 5. Snapshots captured while grasping example objects in Phase I. The system correctly detected spherical, cylindrical and cube shaped objects or object parts. The point cloud centroids are rendered as small white spheres in the figures. The point cloud with the closest centroid to the Z'-axis of the hand/camera frame was selected for fitting (purple shape primitives). The user selected the ball (A) and plastic cap (B) by aiming at the vicinity of these objects. In (C,D), the user marked different faces of the same cuboid object (highlighted shades). Each panel reports the selected grasp type, size, and wrist orientation. The coordinate frame represents the X'OY' plane of the camera.



[image: Figure 6]
FIGURE 6. Grasping an object from a cluttered scene in Phase II. The user successfully marked a small ball for grasping. The annotations are the same as in Figure 5.



[image: Figure 7]
FIGURE 7. A sequence of snapshots taken while the system approached two different cylindrical parts of the same object: the body (A) and the cap (B) of a spray can. The annotations are the same as in Figure 5. Note that the can body was approached with a fully pronated prosthetic hand, while the cap was approached with the hand in the neutral position.




3.2. Phase I: Training

A general trend of decreasing TAT was observed across blocks in Phase I as shown in Figure 8A. The TAT in the third (7.9{1.0}s), fourth (7.3{1.6}s), and fifth (6.8{1.8}s) block was significantly lower (p ≤ 0.05) compared to that in the first block (9.9{1.9}s). The reduction in the median TAT between the first and the fifth block was ~32%.


[image: Figure 8]
FIGURE 8. The results obtained in Phase I. The boxplots show: (A) median time to accomplish the task (TAT) for each subject in each block, (B) median TAT of all subjects for each object in each block, and (C) median TAT per object across all blocks. The stars indicate statistical significance (*p < 0.5; **p < 0.01; ***p < 0.001).


The median TAT per individual object across blocks is shown in Figure 8B. There was a decreasing trend in TAT across blocks for all objects, but the improvement in performance was statistically significant (p ≤ 0.05) for objects 01 (larger box), 03 (spray can), 04 (small ball), 05 (paper tube), and 06 (potato chips can). The median TAT for objects 01 (larger box, 11.3{4.3}s), 02 (spray cap, 13.5{5.26}s), and 06 (potato chips can, 12.5{1.4}s) was initially above 10 s, i.e., in the first block, indicating that those objects were more difficult to grasp. Nevertheless, object 01 was also characterized with the greatest decrease (11.4{4.3}–6.5{4.6}s) in median TAT over blocks. The object with the least improvement in performance from the first (8.6{2.6}s) to the fifth block (7.4{1.4}s) was 04 (small ball), followed by objects 05 (tube paper) and 07 (slim box), in which TAT decreased from 7.4{1.1} to 5.8{1.1}s and from 8.1{2.8} to 6.4{2.5}s, respectively.

Figure 8C depicts the comparison of the overall median TAT for each object in Phase I. The participants were significantly slower when grasping objects 02 (spray cap, p ≤ 0.001) and 06 (potato chips can, p ≤ 0.05 or p ≤ 0.01) compared to most of the remaining objects. These two objects were therefore most difficult for the participants to handle.



3.3. Phase II: Cluttered Scenes

The general trend of decreasing TAT was also present across the three blocks of Phase II, as reported in Figure 9A. The statistically significant decrease (p ≤ 0.05) in median TAT was observed between the first (9.2{1.8} s) and the last (7.8{1.9} s) block.


[image: Figure 9]
FIGURE 9. The results obtained in Phase II. The boxplots show: (A) median time to accomplish the task (TAT) for each subject in each block, (B) median TAT of all subjects for each object in each block, and (C) median TAT per object across all blocks. The boxplots (objects) in each scene are ordered as in Table 1. The stars indicate statistical significance (*p < 0.5; **p < 0.01; ***p < 0.001).


At the object level (Figure 9B), the only statistically significant improvement in performance across blocks (p ≤ 0.05) was registered for object 12 (blue ball), with a median TAT decrease from the first (6.6{1.5} s) to the second (5.5{1.2} s) block.

The differences in median TAT between the objects in Phase II are reported in Figure 9C. Three objects (13/B1—box of pills, 04/B2—small ball, and 15/C2—match box) were markedly different than the others, as their TAT was statistically significantly higher compared to most other objects. These three objects were therefore the most challenging to grasp while in clutters, especially object 15/C2 (match box). Two of these objects, namely 13/B1 and the 15/C2, were not presented and therefore not trained by the participants during Phase I.



3.4. Between Phases Comparison

As shown in Figure 10, four of the objects handled in both Phase I and Phase II showed statistically significant differences in TAT performance: 04 (small ball), 05 (paper tube), 06 (potato chips can), and 07 (slim box). With the exception of object 06 (potato chips can) that showed a significant decrease in TAT, the other three exhibited a significant increase in TAT, showing that cluttered environments in some cases worsened the performance, despite the previous training.


[image: Figure 10]
FIGURE 10. The performance for each of the 10 objects in Phase I vs. Phase II. The boxplots show median TAT per object across all blocks in Phase I (left-hand side) and Phase II (right-hand side). The stars indicate statistical significance (*p < 0.5; **p < 0.01).





4. DISCUSSION

The present work investigated the feasibility of a novel depth-embedded, yet robust and reliable, approach for semi-autonomous prosthesis control using computer vision. The tests conducted in 10 participants aimed to assess (1) the capabilities of the system enabled by the developed depth processing and decision-making pipeline, and (2) the interaction of the subject with the semi-autonomous system that constantly reacts to his/her movements and the environment, i.e., the user-prosthesis integration.

The experiments demonstrated that the novel context-aware system was indeed effective. Despite the camera was placed on the hand, thus limiting the field-of-view, the system guided by the subject (aiming) successfully automated the prosthesis pre-shaping phase while grasping a diverse set of targets (Table 1). The set included objects and object parts of various shapes and sizes, individually, and in clutters. The participants successfully handled all target objects, and the system reacted appropriately when the objects were approached from different sides (top or front) and orientations. They could use the system to grasp specific object parts, when the target was isolated on the table or placed within a cluttered scene.

The experimental results demonstrated a successful user-prosthesis interaction. The participants learned how to aim with the camera from distinct perspectives/positions, regardless of the prosthesis wrist rotation (prosthetic hand horizontal or vertical) as shown in Figure 7. They also learned how to “read” the prosthesis behavior while it reacted to how they aimed at a given target object or object part.

The participants improved consistently during the grasp and move tasks in Phase I (section 3.2), and they became faster the more they practiced. As they learned the system behavior, most of them started anticipating prosthesis movements during aiming and they took over control earlier in the task. They did not wait for the prosthesis to converge to a perfect alignment for grasping a particular target. Once they perceived that the prosthesis was in an approximately suitable position for grasping, they took control and grasped the object.

Nevertheless, some target objects or object parts were initially more difficult to handle than others (Figure 8B). For instance, object 01 (large box) was the largest in the set, and it was more challenging to grasp stably after aiming because of the finger configuration of Michelangelo hand. The presence of an extra wrist flexion/extension DoF may improve this. Object 04 (small ball) was the smallest object and thus difficult to properly aim at, often leading to a point cloud of lower quality, which was sometimes mixed up with the larger point cloud of the table surface in the background. Object 06 (potato chips can) is a long cylindrical object lying on the table for which the participants had to perform a slight elbow compensation, as mentioned earlier in section 2.4. Still, the participants significantly improved in all these cases as they learned how to handle them. However, the same did not occur when grasping object 02 (spray cap). This case posed a particular challenge during the training given that it included a small object (similar to object 04), which was additionally a part of another object (03, spray can). Hence, successful grasping required precise aiming, as a small deviation would cause the system to recognize the body of the spray can as the target. As explained in section 2.3, the system is robust enough to select a target even if the camera was not directly aimed at it. This simplified the aiming process for the participants; however, in the case of object 02, such assistance was still not enough to lead to a significantly better performance with training.

The participants improved performance over blocks in Phase II (Figure 9A). They acquired strategies on how to use the system to grasp isolated objects in Phase I, and they employed those strategies successfully in Phase II to grasp the same objects when they were placed within a cluttered scene. Nevertheless, aiming in Phase II was more challenging as the objects in a cluttered scene were close to each other, and a small deviation in aiming might cause the system to pick a centroid that belongs to another object close to the desired target. This was especially expressed for the smallest objects (Figure 9C), such as 13/B1 (box of pills), 04/B2 (small ball) 15/C2, matches box).

When comparing the same objects across the two phases (Figure 10), the largest difference was obtained for object 04 (small ball) and object 06 (potato chips can). For object 04, the performance substantially decreased when it was placed in the cluttered scene due to its small size. Contrarily, object 06 was handled faster when in a clutter; this “paradoxical” result can be explained by the fact that in Phase II, the object was placed vertically—a long vertical object was an easy target for aiming.

The first system in the literature that used a camera placed on the hand relied on a laser to mark the target object (Došen et al., 2010). This was an effective approach, but might be challenging to translate into clinical application (e.g., user acceptance). In another study (Ghazaei et al., 2017), the subjects were first trained how to aim using visual feedback on the computer screen and later on, they were able to use the system when the feedback was removed. Compared to these systems, the solution presented here used depth sensing instead of an RGB camera, allowing thereby more flexibility in reacting to the environment (e.g., identifying object parts, composite objects). In addition, in both RGB-based systems as well as in previous solutions that used depth sensing (Markovic et al., 2014, 2015; Mouchoux et al., 2021), the user needed to activate the automatic controller explicitly (myoelectric command), which then processed the scene and generated a “one-shot” response. In this novel system, however, the automatic control is active from start, adjusting the prosthesis configuration continuously using visual servoing based on user aiming.

The present study showed that prosthesis motion in response to subject movements provided meaningful feedback about the aiming process. The participants judged whether the prosthesis achieved an appropriate configuration for grasping by estimating grasp type and wrist rotation. If this was appropriate, they would proceed and grasp, and if not, they would try to reposition the prosthesis to “trigger” the right target. The participants reported they were not always able to interpret the prosthesis movement correctly (e.g., distinguish the momentary grasp type), especially in the initial trials. A simple approach to overcome this drawback, could be to provide a cue about the grasping type and wrist movement through electrotactile or vibrotactile feedback (Stephens-Fripp et al., 2018; Sensinger and Došen, 2020). This could also enable the subject to decrease the visual attention to the prosthesis, which is presently required to monitor the aiming.

The camera is placed on the dorsal aspect of the prosthetic hand with an offset with respect to the axis of the wrist joint. Therefore, when the hand rotates, the participants needed to slightly adjust their aim to maintain the selected target object in the focus of the camera. A self-contained system designed from scratch would allow to overcome this problem since the components could be positioned in the most convenient manner. For instance, the camera could be integrated into the hand so that its optical axis is aligned to the axis of the wrist joint. Another interesting point that could be considered is the integration of more cameras (depth and/or RGB) to maximize the assessment of the scene as well as simplify the aiming. Currently, the system only handles depth data, which is approximated by one of three primitive shapes (sphere, cylinder, or cuboid). Nevertheless, as the system can isolate whole objects but also object parts, this means that it can still handle a diverse set of objects with simple but also composite shapes (i.e., theoretically, any combination of the three primitives). Even when the object does not resemble one of these three shapes, the system is versatile enough to pick the best approximation among the three models.

Overall, this study demonstrated that a continuous semi-autonomous control can be implemented using a sensor placement on the prosthetic hand. Hence, the user does not need to wear an extra piece of equipment, as for instance in similar systems presented recently (Markovic et al., 2014, 2015; Mouchoux et al., 2021). This solution has similar capabilities to those advanced implementations, such as the ability to handle cluttered scenes, and such functionality is achieved using a compact setup. The pervasive analysis of the environment from the user perspective, as proposed in those studies, eliminates the need for aiming. In the present study, the participant has to engage during aiming, but this also gives him/her a unique possibility to “select” not only the whole object (as in all other cases in literature) but also an object part (e.g., a cap on the top). To grasp an object, the subjects need to orient the prosthesis properly, but the semi-autonomous system commands the prosthesis, which decreases the cognitive burden of controlling multiple DoF as well as the muscle effort, i.e., the amount of muscle activation. Importantly, the conducted tests demonstrated that the subjects successfully learned to aim with the system after a brief training. Some objects were more or less challenging, hence requiring more or less time to handle, but none of the objects was too difficult for the subjects to prevent the eventual successful completion of the task.

The proposed approach has not been, however, compared to the conventional interfaces (e.g., direct control and pattern classification) since the advantages of semi-autonomous control have been demonstrated before (Markovic et al., 2015; Mouchoux et al., 2021). Thus, this system should not be regarded as an ultimate solution but rather as an alternative to conventional control. If such control framework is implemented in a prosthesis with an embedded “on-hand” sensor, a self-contained system can potentially be built. To achieve this, the proposed framework would need to be packaged and deployed onto an embedded platform, such as the Nvidia's Jetson, as used in a recent work (Ragusa et al., 2021). While such boards are still more powerful than standard clinically used prosthesis controllers, this is likely to change in the near future as new designs with embedded cameras are being presented and tested (Choudhry and Khan, 2018; Weiner et al., 2018). The present system was not tested on amputees, however, from the functional viewpoint, the use of the system by an amputee is not different compared to an able-bodied subject. In fact, since the socket is aligned with the arm (residual limb), the aiming could be even easier. For manual control, the system relies on the classic two-channel EMG interface, which is a clinical standard and hence known to prosthesis users. Therefore, we assume that an amputee could use the system after a brief training, similarly to able-bodied subjects tested in this study. Nevertheless, subjective experience and clinical utility of this approach still needs to be investigated in a population of prosthesis users.



5. CONCLUSION

This work presents a depth-embedded system comprising a prosthesis with a dorsally mounted depth camera, which enables semi-autonomous control of grasping actions. The experimental assessment showed that the participants could use the system to grasp a very diverse set of objects or object parts, approached from different directions and placed individually or in cluttered environments. The participants easily learned to adapt to the system and “read” its online behavior (response to targeted objects), and they significantly improved their performance after a brief training.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Research Ethics Committee for North Jutland. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

SD conceptualized the study. MC implemented the computational framework. Both authors contributed to designing the experimental setup, to analysing the data, and to the writing of the manuscript. Both authors contributed to the article and approved the submitted version.



FUNDING

The present study was supported by the project ROBIN: Robust bidirectional human-machine interface for natural control and feedback in hand prostheses (8022-00243A) funded by the Independent Research Fund Denmark.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnbot.2022.814973/full#supplementary-material



REFERENCES

 Asghari Oskoei, M., and Hu, H. (2007). Myoelectric control systems—a survey. Biomed. Signal Process. Control 2, 275–294. doi: 10.1016/j.bspc.2007.07.009


 Atzori, M., Cognolato, M., and Müller, H. (2016). Deep learning with convolutional neural networks applied to electromyography data: a resource for the classification of movements for prosthetic hands. Front. Neurorobot. 10, 9. doi: 10.3389/fnbot.2016.00009

 Biddiss, E., and Chau, T. (2007). Upper limb prosthesis use and abandonment: a survey of the last 25 years. Prosthet. Orthot. Int. 31, 236–257. doi: 10.1080/03093640600994581

 Choudhry, H., and Khan, S. (2018). Smart Arm. Available online at: https://smartarm.ca/ (accessed January 30, 2021).

 Criswell, E. (2010). Cram's Introduction to Surface Electromyography. Sudbury, MA: Jones and Bartlett Publishers.

 Došen, S., Cipriani, C., Kostić, M., Controzzi, M., Carrozza, M. C., and Popović, D. B. (2010). Cognitive vision system for control of dexterous prosthetic hands: experimental evaluation. J. NeuroEng. Rehabil. 7, 42. doi: 10.1186/1743-0003-7-42

 Farina, D., Jiang, N., Rehbaum, H., Holobar, A., Graimann, B., Dietl, H., et al. (2014). The extraction of neural information from the surface EMG for the control of upper-limb prostheses: emerging avenues and challenges. IEEE Trans. Neural Syst. Rehabil. Eng. 22, 797–809. doi: 10.1109/TNSRE.2014.2305111

 Farina, D., Vujaklija, I., Brånemark, R., Bull, A. M. J., Dietl, H., Graimann, B., et al. (2021). Toward higher-performance bionic limbs for wider clinical use. Nat. Biomed. Eng. doi: 10.1038/s41551-021-00732-x. [Epub ahead of print].

 Fischler, M. A., and Bolles, R. C. (1981). Random sample consensus: a paradigm for model fitting with applications to image analysis and automated cartography. Commun. ACM 24, 381–395. doi: 10.1145/358669.358692

 Fougner, A., Stavdahl, O., Kyberd, P. J., Losier, Y. G., and Parker, P. A. (2012). Control of upper limb prostheses: Terminology and proportional myoelectric controla review. IEEE Trans. Neural Syst. Rehabil. Eng. 20, 663–677. doi: 10.1109/TNSRE.2012.2196711

 Gardner, M., Mancero Castillo, C. S., Wilson, S., Farina, D., Burdet, E., Khoo, B. C., et al. (2020). A multimodal intention detection sensor suite for shared autonomy of upper-limb robotic prostheses. Sensors 20, 6097. doi: 10.3390/s20216097

 Geethanjali, P. (2016). Myoelectric control of prosthetic hands: state-of-the-art review. Med. Devices 9, 247–255. doi: 10.2147/MDER.S91102

 Geng, W., Du, Y., Jin, W., Wei, W., Hu, Y., and Li, J. (2016). Gesture recognition by instantaneous surface EMG images. Sci. Rep. 6, 6–13. doi: 10.1038/srep36571

 Ghazaei, G., Alameer, A., Degenaar, P., Morgan, G., and Nazarpour, K. (2017). Deep learning-based artificial vision for grasp classification in myoelectric hands. J. Neural Eng. 14:036025. doi: 10.1088/1741-2552/aa6802

 Ghazaei, G., Tombari, F., Navab, N., and Nazarpour, K. (2019). Grasp type estimation for myoelectric prostheses using point cloud feature learning. arXiv[Preprint]. arXiv:1908.02564.

 Hahne, J. M., Biebmann, F., Jiang, N., Rehbaum, H., Farina, D., Meinecke, F. C., et al. (2014). Linear and nonlinear regression techniques for simultaneous and proportional myoelectric control. IEEE Trans. Neural Syst. Rehabil. Eng. 22, 269–279. doi: 10.1109/TNSRE.2014.2305520

 Hahne, J. M., Schweisfurth, M. A., Koppe, M., and Farina, D. (2018). Simultaneous control of multiple functions of bionic hand prostheses: performance and robustness in end users. Sci. Robot. 3, eaat3630. doi: 10.1126/scirobotics.aat3630

 Jiang, N., Došen, S., Muller, K.-R., and Farina, D. (2012). Myoelectric control of artificial limbs—is there a need to change focus? [in the spotlight]. IEEE Sign. Process. Mag. 29, 152–150. doi: 10.1109/MSP.2012.2203480

 Laffranchi, M., Boccardo, N., Traverso, S., Lombardi, L., Canepa, M., Lince, A., et al. (2020). The Hannes hand prosthesis replicates the key biological properties of the human hand. Sci. Robot. 5, eabb0467. doi: 10.1126/scirobotics.abb0467

 Markovic, M., Došen, S., Cipriani, C., Popovic, D., and Farina, D. (2014). Stereovision and augmented reality for closed-loop control of grasping in hand prostheses. J. Neural Eng. 11, 046001. doi: 10.1088/1741-2560/11/4/046001

 Markovic, M., Došen, S., Popovic, D., Graimann, B., and Farina, D. (2015). Sensor fusion and computer vision for context-aware control of a multi degree-of-freedom prosthesis. J. Neural Eng. 12, 066022. doi: 10.1088/1741-2560/12/6/066022

 Maymo, M. R., Shafti, A., and Faisal, A. A. (2018). “Fastorient: lightweight computer vision for wrist control in assistive robotic grasping,” in 2018 7th IEEE International Conference on Biomedical Robotics and Biomechatronics, Vol. 2018 (Enschede: IEEE), 207–212. doi: 10.1109/BIOROB.2018.8487622

 Mouchoux, J., Carisi, S., Došen, S., Farina, D., Schilling, A. F., and Markovic, M. (2021). Artificial perception and semiautonomous control in myoelectric hand prostheses increases performance and decreases effort. IEEE Trans. Robot. 37, 1298–1312. doi: 10.1109/TRO.2020.3047013

 Ortiz-Catalan, M., Hakansson, B., and Branemark, R. (2014). Real-time and simultaneous control of artificial limbs based on pattern recognition algorithms. IEEE Trans. Neural Syst. Rehabil. Eng. 22, 756–764. doi: 10.1109/TNSRE.2014.2305097

 Østlie, K., Lesjø, I. M., Franklin, R. J., Garfelt, B., Skjeldal, O. H., and Magnus, P. (2012). Prosthesis rejection in acquired major upper-limb amputees: a population-based survey. Disabil. Rehabil. 7, 294–303. doi: 10.3109/17483107.2011.635405

 Parajuli, N., Sreenivasan, N., Bifulco, P., Cesarelli, M., Savino, S., Niola, V., et al. (2019). Real-time EMG based pattern recognition control for hand prostheses: a review on existing methods, challenges and future implementation. Sensors 19, 4596. doi: 10.3390/s19204596

 Ragusa, E., Gianoglio, C., Došen, S., and Gastaldo, P. (2021). Hardware-aware affordance detection for application in portable embedded systems. IEEE Access 9, 123178–123193. doi: 10.1109/ACCESS.2021.3109733

 Rusu, R. B., and Cousins, S. (2011). “3D is here: Point Cloud Library (PCL),” in IEEE International Conference on Robotics and Automation (ICRA) (Shanghai). doi: 10.1109/ICRA.2011.5980567

 Salminger, S., Stino, H., Pichler, L. H., Gstoettner, C., Sturma, A., Mayer, J. A., et al. (2020). Current rates of prosthetic usage in upper-limb amputeeshave innovations had an impact on device acceptance? Disabil. Rehabil. 1–12. doi: 10.1080/09638288.2020.1866684. [Epub ahead of print].

 Sensinger, J. W., and Došen, S. (2020). A review of sensory feedback in upper-limb prostheses from the perspective of human motor control. Front. Neurosci. 14, 345. doi: 10.3389/fnins.2020.00345

 Shi, C., Yang, D., Zhao, J., and Liu, H. (2020). Computer vision-based grasp pattern recognition with application to myoelectric control of dexterous hand prosthesis. IEEE Trans. Neural Syst. Rehabil. Eng. 28, 2090–2099. doi: 10.1109/TNSRE.2020.3007625

 Stein, S. C., Schoeler, M., Papon, J., and Worgotter, F. (2014). “Object partitioning using local convexity,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Columbus, OH), 304-311. doi: 10.1109/CVPR.2014.46

 Stephens-Fripp, B., Alici, G., and Mutlu, R. (2018). A review of non-invasive sensory feedback methods for transradial prosthetic hands. IEEE Access 6, 6878–6899. doi: 10.1109/ACCESS.2018.2791583

 Weiner, P., Starke, J., Hundhausen, F., Beil, J., and Asfour, T. (2018). “The kit prosthetic hand: design and control,” in 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems (Madrid: IEEE), 3328–3334. doi: 10.1109/IROS.2018.8593851

 Yang, D., Gu, Y., Thakor, N. V., and Liu, H. (2019). Improving the functionality, robustness, and adaptability of myoelectric control for dexterous motion restoration. Exp. Brain Res. 237, 291–311. doi: 10.1007/s00221-018-5441-x

 Zhong, B., Huang, H., and Lobaton, E. (2020). Reliable vision-based grasping target recognition for upper limb prostheses. IEEE Trans. Cybern. 1–13. doi: 10.1109/TCYB.2020.2996960. [Epub ahead of print].

Conflict of Interest: 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.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Castro and Dosen. 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(s) 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/fnbot-16-814973-g005.gif
quspipoinar g puspsors.

ange: 0deg. k

gsize: 70 mm i
i)

2‘1‘::"‘ ° ‘grasp: paimar
deg. 7
et penttd





OPS/images/fnbot-16-814973-g006.gif
grasp: lateral
angle: 0 deg
gsize: 33 mm






OPS/images/fnbot-16-814973-g003.gif





OPS/images/fnbot-16-814973-g004.gif





OPS/images/fnbot-16-814973-g009.gif
v
3| o 8| of 2
—{TH o
¥
B e
s
—Th -3
E
Wl
2

O

el lssdfltae |sue






OPS/images/fnbot-16-814973-g007.gif





OPS/images/fnbot-16-814973-g008.gif
HIH

='xms.s-xl i @ comn- @ -






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Continuous Semi-autonomous Prosthesis Control Using a Depth Sensor on the Hand



		1. Introduction



		2. Materials and Methods



		2.1. System Components



		2.2. Control Scheme



		2.3. Depth Perception and Object Modeling



		2.4. Estimation of Grasp Type, Size, and Wrist Orientation



		2.5. Participants



		2.6. Experimental Procedure



		2.7. Data Analyses







		3. Results



		3.1. System Performance and Versatility



		3.2. Phase I: Training



		3.3. Phase II: Cluttered Scenes



		3.4. Between Phases Comparison







		4. Discussion



		5. Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Supplementary Material



		References

















OPS/images/cover.jpg
’ frontiers .
in Neurorobotics

Continuous Semi-autonomous
Prosthesis Control Using a Depth
Sensor on the Hand





OPS/images/fnbot-16-814973-g001.gif
‘computer

aiming ///”7 vision
‘% sl

vision L
user prosthesis target





OPS/images/fnbot-16-814973-g002.gif





OPS/images/fnbot-16-814973-t001.jpg
ID  Objecttag Dim. [mm] Plangle Plapproach  Pllangle Pliapproach  Pliscene  Model  Grasp
01 boxrs_front 5291 x 143 Vertical Side Vertical Side D3 Cuboid ~ Palmar
02 cap_wd_spray 34 x 27 On top of 03 Front On top of 03 Front A2 Cylinder Lateral
03 can_wd_spray 53 x 132 Vertical Front Vertical Front A3 Cylinder  Palmar
04 ball_deo_rollon 33 On table Top On table Top B2 Sphere Lateral
05 tube_paper 31 x 300 Vertical Front Horizontal Top D4 Cylinder  Palmar
06  can_potato_chips 75 x 230 Horizontal Top Vertical Front c3 Cylinder  Palmar
07 box_sim_white 34 %67 x 175 Vertical Side Tited Front ct Cuboid ~ Palmar
08 boxrs_top 52 91x 143 Horizontal Top Horizontal Top B4 Cuboid ~ Palmar
09 bottle_pepsi_transp 63 x 55" Vertical Front Vertical Front D1 Cylinder  Palmar
10 ball_yarn 85 On table Top On table Top D2 Sphere Palmar
11 mini_mik_carton 55x55x95  N/A NA Vertical Side At Cuboid ~ Palmar
12 ball_blue 65 N/A NA On table Top Ad Sphere Palmar
18 box_brufen_pills 25x65x 101 NA NA Horizontal Front B1 Cuboid ~ Lateral
14 large_wallet 26 x 100 x 200 N/A NA Tilted Front B3 Cylinder Palmar
16 box_matches 17 x 36 x 58 N/A NA Vertical Front c2 Cuboid Lateral
16 cap_deo_transp 38" NA N/A On table Top c4 Sphere  Lateral

The subset 1-10 was used in Phase | (P, while al objects were used in Phase Il (PH). Annotation: bold, target grasping dimension; *, object containing a transparent part; N/A, not

applicable.
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